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Abstract

We explain how important classes of Bayesian semiparametric regression fitting and infer-
ence procedures can be sped up, significantly, via the use of orthogonalized design matrices.
Typically, design matrices in semiparametric regression contain predictor observations and ba-
sis functions of such data. In Bayesian semiparametric regression, loop-type approaches such
as Gibbs sampling and coordinate ascent variational inference typically are required. We show
that pre-loop reformulation of Bayesian semiparametric regression models involving orthog-
onalized design matrices lead to two orders of magnitude, with respect to column dimension,
computational reduction. Our computer experiments reveal that this simple paradigm results
in approximately 5- to 60-fold speed-ups.

Keywords: Bayesian penalized splines; Generalized additive models; Group-specific curve
models; Mean field variational Bayes; Markov chain Monte Carlo.

1 Introduction

Practical fitting and inference for Bayesian semiparametric regression models usually requires
the running of loop-type procedures such as Gibbs sampling or coordinate ascent variational
inference. The essence of this article is explaining and demonstrating how conversion of the
model to an equivalent form involving orthogonalized design matrices provides two orders
of magnitude reductions in computation. These orders of magnitude are with respect to the
column dimensions of the design matrices, which can be in the dozens or even hundreds for
contemporary Bayesian semiparametric models. Computer experiments reveal that practical
speed-ups are in the approximate 5-60 factor range.

In Section 2 we commence our explanation of orthogonalized design matrices speed-ups
for a Bayesian nonparametric regression model. This allows us to describe the essence of the
approach with minimal notational overhead. Both Gaussian and Bernoulli response models
are shown to benefit from the approach and our computer experiments in this section demon-
strate speed-ups as high as a factor of around 60. We also corroborate these results with some
order of magnitude comparisons. Algorithms 2 and 3 facilitate implementation.

Sections 3 and 4 explore the central theme applied to generalized additive models and
group-specific curves models, respectively. For such arbitrarily large models the speed-ups of-
fered by use orthogonalized design matrices can have noticeable practical benefits, as demon-
strated by some simulated and actual data examples.

Even though speeding up Gibbs sampling is the main focus of this article, the general
approach also applies to other Bayesian inference approach such as coordinate ascent varia-
tional inference. In Section 5 we provide illustration for the Bayesian nonparametric regression
model from Section 2.

In Sections 2-5 we present five algorithms with orthogonalized design matrices speed-ups
across three Bayesian semiparametric regression model types. These allow concrete illustra-
tion and evaluation of the approach. However, orthogonalized design matrices speed-ups is a
general paradigm that applies to many other Bayesian regression-type models.

Section 6 contains some concluding discussion.



1.1 Notation

Scalar functions applied to a vector are evaluated in an element-wise fashion. For example,
cosh([3 11]7) = [cosh(3) cosh(11)]T. If v is a column vector then ||v| = Vvlwv is the Eu-
clidean norm of v. The notation diag(v) is used for the diagonal matrix containing the en-
tries of v along its diagonal. If v and w are column vectors of the same size then v ® w and
v/w are the column vectors of element-wise products and quotients, respectively. Also, 1

is a column vector of ones. The symbol ™ is shorthand for “independently distributed as”.
The random variable « has a Gamma distribution with shape parameter x > 0 and rate pa-
rameter A > 0, written x ~ Gamma(x, A), if and only if the density function of z is p(z) =
{N*/T(k)} 2" Lexp(—Ax), x > 0. The random variable z has an Inverse Gamma distribution
with shape parameter ~ > 0 and rate parameter A > 0, written z ~ Inverse-Gamma(x, \), if
and only if the density function of z is p(x) = {\*/T'(k)} 2" Lexp(—\/z), > 0. The sym-
bol @ is used for cumulative distribution function of the N(0,1) distribution. For a logical
proposition P, I(P) = 1 if P is true and I(P) = 0 if P does not hold.

2 Nonparametric Regression

Bayesian nonparametric regression via penalized splines (e.g. Harezlak et al., 2018, Chapter 2)
is one of the simplest model types that benefits from the use of orthogonalized design matrices.
In this section we start with the simplest Gaussian response case and then, later, discuss other
response situations.

2.1 Gaussian Responses

For univariate and continuous predictor/response pairs (z;,y;), 1 < i < n, the Gaussian re-
sponses nonparametric regression model has the generic form

yi ° N(f(zi),02), 1<i<n. (1)

Throughout this section we consider the following Bayesian penalized spline model for f:

K
fl@)=Bo+Bre+ > wz(x), wlos = N(0,07),
k=1

where {z,(-) : 1 < k < K} is a suitable spline basis. Typically K is an integer between
around 25 and 50, but may be higher if f is thought to be particularly wiggly (e.g. Section 2.4
of Harezlak et al., 2018). A recommended default choice of the z; is described in Section 4 of
Wand & Ormerod (2008) and corresponds to low-rank smoothing splines. The full description
of the model that we consider here is

0, %|by ~ Gamma(3,b,), b, ~ Gamma(3,s;?), (2)

o7 %|be ~ Gamma(3,b.), b. ~Gamma(3,s;?)

where 03, s, 5. > 0 are user-specified hyperparameters,

Y= lyilicicn, X =[lazilicicn and  Z = [2(7i) Ji<icn.
1<k<K
The vectors 8 (2 x 1) and u (K x 1) contain the 5, and uy, respectively. The distributional
structure of o, in (2) involving the auxiliary variable b, is equivalent to imposition of the prior

density function
2

PO = T e

o >0,
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Inputs: y (n x 1), X (nx2), Z (nx K), Xg (Ngiq X 2), Zg (Ngiqa X K),
03, Su, Se > O, Nburrn Nkept e N.
Initialize: ul® (K x 1), (622)1% b, (6,21, b, > 0.
XTy «— X'y ; 2Ty «+— ZTy ; XTX +— XTX ;Z2TX+— Z"X ;7212 +— Z" Z
Fors=1,..., Noun + Niept:
g «— XTy = ZIX  uls=1 ; Wy «— (072 IXTX + 0571,
Decompose ¥z = Ugdiag(dB)Ug where UgU/g = UgUg =1,
Ujzs N G
Vds dgs
Py — ZTy — ZTXBE) ; W, «— (672)~UZTZ + (0,2l UT g
Decompose ¥, = U udiag(du)Uf where UZUU =U,U f =1Ig
Uyza , (022U, 7y
Vd, d,

(o)) «— Gamma(%(K +1), by + %||u[s]||2) i by — Gamma(l, (o) + 3;2)

25~ N(0,I,) ; B «— U (

zy ~N(0,Ig) ; uls] <—UU<

(o72)l) «— Gamma(%(n +1),be + 3lly — X8 - Zu[s]||2)
be +— Gamma(l7 (o=2)l) + s;2>
Fors=1,..., Niept:

}s] — XgB[S+Nburn] + Zgu[S+Nburn]

(08—2)[5] « (U;Z)[s—&-Nburn] ; (0—2)[5] « (0’,‘:2)[5+Nburn]

u

Outputs: {Fy ' (0-2), (032 : 1< 5 < N}

€

Algorithm 1: A direct Gibbs sampling algorithm for the Bayesian nonparametric regression model (2).

which corresponds to the Half-Cauchy distribution with scale parameter s. (e.g. Gelman,
2006). The prior on o, is analogous.
Standard calculations show that the full conditional distribution of w is

ulrest ~ N(¥, o r,, ¥, ') where r,=Z"(y- Xp)
and W,=0.227Z + 0%k

where ‘rest” denotes all random variables in (2) other than u. An analogous result holds for
B|rest. Derivations of the full conditionals of the scalar variables in (2) are particular simple,
and lead to the direct Gibbs sampling scheme listed in Algorithm 1. Result 1 in the appendix
justifies the forms of the 3 and uw Multivariate Normal draws. The main output of Algorithm
1 is the kept Gibbs samples of fit vectors for inputted grid-wise design matrices X4 and Z,.
These matrices are defined analogously to X and Z but with basis functions evaluated at grid
points stored in an arbitrary vector N,,4 of plotting abscissae, g, rather than the x;s.
The main bottleneck in Algorithm 1 is obtaining the singular value decomposition of the
K x K matrix ¥, for each iteration of the Gibbs sampling scheme, which requires O(K?)
operations. The essence of the approach advocated in this article starts with the singular value
decomposition of Z:

Z =U,diag(d;)V, where U}U, =V]V,=V,V] =1k 3)
and where U, isn x K,d;is K x 1 and V, is K x K. Then observe that
Zu = Zii where Z = U,diag(d;) and u= Viu. (4)
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Inputs: y (n x 1), X (nx2), Z (nx K), Xg (Ngiq X 2), Zg (Ngiqa X K),
038, Sus Se > 0, Npum, Niept € N.
Decompose X = Uxdiag(dx)Vy where Uy Ux = Vi Vx = Vx Vi =1,
Decompose Z = Uzdiag(dz)VZT where Ul U, = V]V, =V, V] =1k
X «— Uxdiag(dx) ; Z +— Uydiag(dy) ; d% «— dx O dx ; d% +— dz © dy
}\(/Ty — X/Ty ;ZTy — ZTy ;ITX «— ZTX
Initialize: %" (K x 1), (6= b, (672)% b, >0
Fors=1,..., Noun + Niept:

Ty X/Ty - (\Z/T)\E)T ! ; '¢E — (0;2)[57”d§( + 05_212
<[] zx (o)l lry
zs ~N(0,I5) ; B «— —2 : B

+
B /1/,5 5
ry «— ZTy — ZTX BM i by —— (072) a2 + (o72) 51,

(o2l ry

zy ~N(0,Ik) ; al P

+
Vi Yy

(o)) — Gamma(%(K +1),b, + 1 ||'E[S]H2) ; by — Gamma(l, (o2)lsl 4 552)

)

< [s]

— —[s] -
(‘75_2)[51 — Gamma(%(rH— 1),be + %’ y—XB8 —Zu

be +— Gamma(l, (o= 2)lsl 4 3;2)

Xog— XgVx ; Zg— Z,Vy
Fors=1,..., Niepe:

~[s] = =[5t Npuml 5 s+ Npum)

fo — X8 + Zgu

(0'_2)[8] — (0';2)[3+Nburn] ; (0.—2)[3] «— (0'172)[S+Nburn]

S u

Outputs: {Fy ', (0-2)%), (072)) : 1< 5 < N}

Algorithm 2: An orthogonalized design matrices speed-up of Algorithm 1 for the Bayesian nonpara-
metric regression model (2).

Noting that
Cov(u|o?) = Cov(VSu|o?) = Vo2 Ik V, = 021k

and applying the same logic to X and 3, model (2) is equivalent to an alternative formulation
for which the first line is replaced by

y|B.@,02 ~ N(XB+ Z1,021,), B~ N(0,03l), o>~ N(0,02I).
However, Z is such that
Z"7 = {U,diag(d,)}" U,diag(d,) = diag(d,) U} U,diag(d,) = diag(d, © dz) (5
which implies that the columns of Z are orthogonal vectors in R". Use of Zis loosely related to
the so-called Demmler-Reinsch basis version of smoothing splines (Demmler & Reinsch, 1975),
but is simply a linear transformation of Z based on (3) and (4). The full conditional distribution
of u is

u|rest ~ N(\I’qglafra, \Ilgl) where r; = ET(y - Xp)

and ¥, = diag(a;z(dz ©dz)+ 0521;()
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The fact that ¥ is a diagonal matrix implies that the need for K x K matrix inversion is
avoided when obtaining draws from the full conditional distribution of @. In view of Result 1,
the following O(K) steps lead to a draw from |rest:

¢E<—0;2(dz®dz)+0;21K ; 2~ N(0,Ig) ; w+— z +U

Vi Y

Similar statements apply to the B full conditional draws. Since the construction of Z is done
outside of the Gibbs sampling loop there is, as a function of K, a two orders of magnitude

reduction in computation realized by working with the orthogonalized design matrices X

and Z.
Algorithm 2 describes this faster orthogonalized design matrices alternative to Algorithm
1.

2.2 Bernoulli Responses with Probit Link

Now suppose that the y; are binary: y; € {0,1}. Then an appropriate alternative to (1) is the
probit link nonparametric regression model

y; N Bernoulli(®(f(z;))), 1<i<n, 6)

Following Albert & Chib (1993), a useful adaptation of (2) for fitting (6), involving the auxiliary
variables vector «, is

a (n x 1) has ith entry a; such that y; = I(ai > 0), 1<i<n,
CX‘,@,UNN(X,B-FZU,I”), ,BNN(O,O%IQ), u|012L NN(07UZIK)7 (7)

0y %by ~ Gamma(3,b,), b, ~ Gamma(3,s;?),

Gibbs sampling for (7) proceeds similarly to that laid out in Algorithms 1 and 2. The main
addition is due to the distributional result

(2y; — 1) ai‘rest ~ Truncated-Normal ; ((2yl - 1) (XB+ Zu);, 1), 1<i<n,

where the random variable = has a Truncated-Normal, distribution with location parameter
v and scale parameter o, written © ~ Truncated-Normal, (u, 02), if and only if the density

function of z is
exp{—(z — p)*/(20*)} (z > 0)
o®(u/o)V2m

Robert (1995) describes methodology for the efficient generation of Truncated-Normal; ran-
dom variables. Algorithm 3 is a resultant orthogonalized design matrices Gibbs sampling
algorithm.

p(z) =

2.3 Other Links and Response Types

For binary response Bayesian regression models with non-probit links and other response
types, such as counts, the full conditional distributions involve weighted forms, which nul-
lify the advantage of orthogonalized design matrices. Consider, for example, the Bayesian
penalized spline model with logit link and Pélya-Gamma augmentation:

yi|8,u ~ Bernoulli(expit{(X 3 + Z u);}), B~ N(0, o3l2), wloy ~ N(0,071k),

0y %|by ~ Gamma(3,b,), by ~ Gamma(s,s;?), (8)

a;|B,u £ Pélya-Gamma(l,(XB+ Zu);), 1<i<n.



Inputs: y (n x 1), X (nx2), Z (nx K), Xg (Ngiq X 2), Zg (Ngiqa X K)
0By Sus Se > O/ Nburrn Nkept eN.
Decompose X = Uxdiag(dx)Vy where Uy Ux = Vi Vx = Vx Vi =1,
Decompose Z = Uzdiag(dz)VZT where Ul U, =V Vy, =V, V] =1k
X «— Uxdiag(dx) ; Z «— Ugdiag(dz) ; d% «— dx 0 dx ; d% +— d; ©dy
ITX «+— ZTX
Initialize: @ (K x 1), (0;2)1%,b, > 0, XTa (2 x 1), ZTa (K x 1)
Fors=1,..., Noun + Niept:
wy e— XTa— (ZTX)T 3" gy e di + 05215
—s] Z‘B wE
z-~N(0,I5) ; B <+— + —=
A V¥s Y3
> o ls]
wy ¢« LTa —ZTX B ; by +— dy + (0,2) 571y

u

N

(0;2)) «— Gamma(%(K +1),b, + %HH[S]H2) ; by — Gamma<17 (0:2)ls) 4 5;2)

Fori=1,...,n:
¢ ~ Truncated-Normal ((2y; — 1)(XB[S] + E'E[s])i, 1) ; o+ (2y; — 1)¢
)\iToz — XTa ; iToz — Z
Xg— XgVx ; Zg+— Z,Vy
Fors=1,..., Nt

[s] = =[5+ Npum]

?’g - Xg/@ _,r_Eg,E[S-l-Nburn] ; (0;2)[3] - (0_712)[5+Nbum]

Outputs: {?)_E;}, (o711 <5 < Niepe}

u

Algorithm 3: An orthogonalized design matrices Gibbs sampling scheme for the Bayesian probit non-
parametric regression model (7).

Here expit(z) = 1/(1 + e~*) and the Pélya-Gamma distribution is as defined in Polson et al.
(2013). For model (8), the full conditional distribution of u is

u|rest ~ N(\Ilqjl'ru, v, Y where 7, = ZT{y —11-ao(XB)},
U, = Z diag(a)Z + 0,2 I ¢

and « is the vector of «; values. The generalization of (5) to this weighted case is
Z"diag(a) Z = {U,diag(d;)}" diag(a)U,diag(d,) = diag(d,) U/ diag(c)U,diag(d)

which is not necessarily diagonal. Also, since the a vector changes throughout the Gibbs sam-

pling iterations there is no re-definition of Z that leads to the precision matrix of u|rest having
a fixed diagonal form as a function of 02 and ¢2. Similar comments apply to non-Gibbsian
approaches such as those involving Metropolis-Hastings schemes. Nevertheless, the Gaussian
and Bernoulli response cases are ubiquitous in semiparametric regression and significantly
speeding up their Bayesian analyses is worthwhile.



2.4 Operations Order of Magnitude Comparisons

Let Ngisps = Npum + Niepe and assume that

n, K7 NGibb57 N

g

> 1 with n> K. )

Under (9) the singular value decomposition of an n x K matrix requires O(nK?) operations
and the singular value decomposition of a K x K matrix requires O(K?®) operations. This leads
to the following total operations order of magnitude statements for each of Algorithms 1 and
2:

Gibbs loop operations other operations
Algorlthm 1: O(NGibbSKg) O(nKQ) + O<NkeptNgrid K)
Algorithm 2: O(Neimns K) O(nK?) + O(NgiaK?) + O(NieptNgia K)

For the Gibbs loops operations it is clear that Algorithm 2 provides a two orders of magni-
tude improvement as a function of K. This comes at the price of the extra O(nK?) operations
required to decompose X and Z prior to the Algorithm 2 Gibbs loop and the O(N, K?) step

to compute Z g- For typical values of Ngy,, and n the Gibbs loop speed-ups will outweigh the
cost of these non-loop steps. The constants associated with the orders of magnitude also im-
pact the relative speeds of the two algorithms. Next, in Section 2.5, we investigate the actual
speed-ups via computer experiments.

2.5 Computer Experiments

We coded Algorithms 1 and 2 in the C++ computer programming language and generated 100
replications of (1) for each of n € {100,200,400}. The number of basis functions was varied
over K € {25,50} and the Gibbs sample sizes were fixed at Nyym = Niepe = 1000. The number
of grid points was N4 = 101. All calculations were performed on the first author’s MacBook
Air computer which has 24 gigabytes of random access memory and a 3.5 gigahertz processor.

Figure 1 displays side-by-side boxplots of the effective sample size per second ratios for the
kept Gibbs sample of four quantities of interest: f evaluated at each of the population quan-
tiles, f(Qr), k = 1,2, 3, and the error standard deviation o.. The ratio numerator corresponds
to Algorithm 2. Effective sample sizes of Markov chain Monte Carlo samples are based on
established approaches that account for loss of information due to autocorrelation. The par-
ticular version used here corresponds to the monitor () function within the R package rstan
(Stan Development Team, 2025) with details given in that package’s reference manual.

The side-by-side boxplots in Figure 1 reveal the considerable practical benefits of use of
orthogonalized design matrices. For the vast majority of replications there are at least 20-
fold improvements in effective sample size per second when the number of basis functions
is K = 25. When the number of basis functions doubles to K = 50 the improvement also
approximately doubles and Algorithm 2 is usually 30-60 times faster than Algorithm 1 in
delivering the same quality of Gibbs samples. For larger n the improvement lessens slightly,
which can be attributed to the O(nK?) singular value decomposition of Z prior in Algorithm
2 prior to the Gibbs sampling phase. Nevertheless, the improvement factors are still around
50. A more formal exemplification of the improvements is provided by Table 1, which lists
the medians and 95% confidence intervals for the basis size: 50 and sample size: 200 panel of
Figure 1.

Even though Table 1 gives formal evidence of a big statistically significant improvement
due to use of orthogonalized design matrices, we contend that that side-by-side boxplot sum-
maries better convey the improvements. The remaining computer studies will only use such
summaries.
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Figure 1: Side-by-side boxplots of the effective sample size per second ratios for the computer experiment
involving Bayesian nonparametric regression described in the text. The ratio numerator corresponds
to Algorithm 2. The quantities of interest are f(Qy), k = 1,2,3, where Qy, is the kth population
quantile of the predictor distribution and o is the error standard deviation. Each ratio corresponds to
the effective sample size per second for the direct approach (Algorithm 2) divided by the same quantity
for the orthogonalized design matrices approach (Algorithm 1). The thick horizontal lines correspond to
a ratio of 1.

3 Generalized Additive Models

We now consider the case of multiple predictors and generalized additive models extensions
of Bayesian nonparametric regression. Throughout this section the data are assumed to be of
the form

(x;, Z;,y:), 1<i<n, (10)

where y; is the ith response observation. For each i, z, is a vector of observations correspond-
ing to the d, x 1 vector of predictors z. The predictors in & are assumed to have linear impacts
on the mean response which, for example, is appropriate for components of & that are indica-
tor variables. The other predictors, corresponding to the ds x 1 vector of predictors &, are such
that its variables may have nonlinear impacts on the mean response. For each i, Z; is a vector
of observations corresponding to .

To illustrate the notation defined in the previous paragraph, consider the Boston mortgages
applications data described in Section 1.3.2 of Harezlak et al. (2018). These data consist of
several variables for n = 2,380 mortgage applications in Boston, U.S.A. An example probit
additive model for these data is

deny; = Bernoulli(@ (ﬁo + 1 self-employed; + (2 single; + B3 condominium
+f1(DIR;) + fQ(LVRi))>, 1<i<2,380



f(Q1) f(Q2) [f(Qs) o

Cllow. 562 556 587 57.6
median 578 573  60.8 582
Clupp. 607 602 632 614

Table 1: Medians and 95% Wilcoxon confidence interval (CI) lower and upper limits based on ratio of
effective sample sizes per second data corresponding to the basis size: 50 and sample size: 200 panel of
Figure 1.

where deny; equals 1 if the ith mortgage application was denied and 0 otherwise. The pre-
dictor observations self-employed,;, single; and condominium; correspond to similarly
defined indicator variables for whether the applicant is self-employed, the applicant is sin-
gle and the property is a condominium, respectively. Lastly, DIR; and LVR; are, respectively,
the debt to income ratio and the loan to property value ratio for the ith application. For this
example, d, = 3, de = 2 and the vectors in (10) are

self-employed;
T, = single; and =«
condominium;

DIR;
LVR;

In addition, y; = deny;.
The generic forms of the generalized additive models considered in this section are

‘ N(n;,02), y; continuous,
Yi Bernoulli(®(7;)), y; binary,
where
do de K
i = Po + Z Bidji + Z fi(x5)  with f(25;) = Baorj T + Z w2k (25;)
=1 j=1 k=1

being a penalized spline model for the jth predictor in . The uj; and z;; notation is analo-
gous to that used in Section 2, with the addition of the j subscript to denote the jth predictor
entering the model non-linearly.
The design matrices for this generalized additive model set-up are
X = [1 x,T :;:-T]

K3 K3

1<i<n <i<
1<k<K

A Bayesian Gaussian response generalized additive model is

de
y‘ﬁ?“‘la' .. 7ud.70—g ~ N<X/8+ZZ] Uj,J? I'fl>7 B ~ N(070%I1+do+d.)7
= (11)

wjlon; ~ i N(0,02,Ik,), 0,7 |buj X Gamma(3,by;), byj ™~ Gamma(% 5,2),
2.

1<j<ds, o72be~ Gamma(%,bg), be ~ Gamma(

The binary response case involves replacement of the first distributional statement in (11) by
a (n x 1) has ith entry a; such thaty; = I(e; > 0), 1<i<n,
d

alB,uy, ..., ug, ~ N(Xﬁ—i— Z.:Zjuj,In)

J=1

(12)



and removal of the 02 and b. variables. An appropriate orthogonalized design matrix reparametriza-
tion of the linear predictor vector is

de de
XB+ZZJUJ :XﬁﬁLZZ]’l\L/]
=1 i=1

where X and [VB are defined as in Section 2. For each 1 < j < d,,
Zj = U,,diag(d,;) and &; =V, u; where Z;=Uydiag(d,,)V,,

is the singular value decomposition of Z; with Uy, being n x Kj, d; being K; x 1 and V;
being K; x K; such that U} Uy, = V[V, = V5, V] = I,

We are now ready to list Algorithm 4, which describes Gibbs sampling for fitting the above
Bayesian generalized additive model with orthogonalized design matrices speed-ups. It uses
the following notation:

K; = the number of columns in Ej, 1<5<d,,

¢ is the (de 4+ 1) x 1vector with entries ¢; = O0and ¢;; = Zi:l Ky, 1 <j<d,,

iTyi@ = the sub-block of iTyadj corresponding to rows (c¢; + 1) to ¢j41, 1 < j < d,,

7TX0) = the sub-block of ZTX corresponding to rows (¢; + 1) to ¢j41, 1 < j < do,

7T793") = the sub-block of ZTZ corresponding to rows (¢; + 1) to ¢j11, (13)

and columns (¢js + 1) to ¢jryq, 1 < 4,5 < da.

Xgand Z; 4,1 < j < d., are grid-wise versions of the design for plotting grids of

size N4,

B = the d, x 1 vector corresponding to the coefficients of the x,.

We ran a computer experiment to compare the practical performance of Algorithm 4 with
the direct computation alternative in the case of Gaussian responses. The sample sizes ranged
over n € {100, 200,400} and the number of predictors entering the model non-linearly ranged
over d, € {2,4,8,16}. The number of predictors entering the model linearly was fixed at d, = 0
and number of basis functions for each predictor was fixed at K = 25. The chains that were
monitored are the vertical slice corresponding to the population median of all d, predictors,
which we denote by f(Q2), and the error standard deviation o.. Figure 2 summarises the
effective sample size per second ratios using side-by-side boxplots. It shows that effective
sample sizes per second are about 5-20 times larger when the orthogonalized design matrices

approach is used. The advantage tends to decrease for larger models but there are still around
5-fold improvements for generalized additive models with 16 predictors.

4 Group-Specific Curves Models

The group-specific curves models (e.g. Donnelly et al. 1995) that we consider here are based
on grouped data of the form

(@i, vi5), 1<j<n, 1<i<m,

where, for example, z;; is the jth predictor measurement within the ith group. The number of
groups is m. The models have generic forms

[ N(f(zij) + gilwi), 02), yij continuous, (14)
Yij Bernoulli(® (f(zi;) + gi(wij))), vij binary,
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Inputs: y (n x 1), X (nx (1 +do +da)), Z1 (n x K1),...,Zq, (n x Kq,),
Xg (Ngrid X (]- + do + d.)), Zl,g (Ngrid X Kl)/--~/ Zd.,g (Ngrid X Kd.)/
085 5u, Se > 0, Npum; Niept € N, responseType € {Gaussian, Bernoulli}.

Decompose X = UXdiag(dX)V; where Ul Ux = Vi Vx = Vx VL = T4, 1a,
Forj=1,...,d,:
_ . T T _x/T _ T _
Decompose Z; = Ugz;diag(dz;)V,; where Uy Uz; = V5, Vg = Vz;V,, = I,
7 [El . ~-Zd.] ; zTyadj « ZTy ; 7TX+— Z'X ; ITi+— Z7Z
Initialize: (0:2)1%,b, >0 ; Foreach 1< j < dy: @ (K; x 1), (0,2)%,by; > 0
Fors=1,..., Noun + Niept:

do
4 S F T ~ls—1] Con[s—1] 42 _
vy ¢ XTyagy — D _ZIXOT G s e (0.2) 7Ny + 05 111, 4a,

Jj=1
—2\[s—1]
e B I
2=~ N(0,I11d,44,) ; B «— *
B Q:DE Q/JE
Forj _ 17‘..’d.: ﬁ;urr /l\.i"[js—l]

Forj=1,...,d,:

d-
ry e 2y ETXU BN 7

) ) J'#J
uj < (05_2)[5_1]de + (U;j )[s_l]lKj
—curr 2 (0—72)[871}7'17
zijNN(O,IKj) ;ouy \/%—i— e - J
uj uj
Forj=1,...,ds: ﬁg»s] —

Forj=1,...,d,:

(o Dl — Gamma(%(Kj+1),buj+%’|ﬁgs]“2) ; buj —— Gamma(l, (g;f)[81+s;2)

d
— ] \w ls
n«—Xp + ZZjuE-]
j=1
If responseType is Gaussian then

(o72)lsl — Gamma(%(n +1),be + 2y —nl?); be +— Gamma(l7 (o2)lsl 4 s;2>

If responseType is Bernoulli then
(o731 «—1; ¢ ~ Truncated-Normal, ((2y; — 1)m;, 1) ; oy «— (2y; — 1)¢
XTyadj — XTa ; ZTyadj +— 7T«

continued on a subsequent page . . .

Algorithm 4: An orthogonalized design matrices Gibbs sampling scheme for the Bayesian generalized

additive models (11) and (12).

for smooth functions f and g¢;, 1 < ¢ < m. The function f models the global mean response,

whereas g; models the deviation from the global mean response for group .
As in this article’s previous sections, mixed model-based penalized splines can be used to
formulate a hierarchical Bayesian model for (14). For 1 < i < m define

T = [xij]lgjgniy Y, = [yij]lgjgni7 X = 1y, x),

11



Xy XgVx ; Forj=1,....de: Z; 44— Z,;4Vz
Fors=1,..., Niet:

— . ~[s5+Npurnl Als] =
Bremp «— entries 2 to (1 + do) of B 3 B — VxBimp
Forj=1,...,ds:
~ s curr N urn]
x3™ — (14 do + j)thcolumnof Xy ; § «— (14 d, + j)thentry Ofﬁ ’
18] 3 curr > st Nyl

f « wcurrﬁ + Z] gu]

Outputs: {B
If responseType is Gau551an then also output {(672)1*) : 1 < 5 < Ny}

Jga( )[g] 1<8<Nkept71<j<d}

Algorithm 4: continued. This is a continuation of the description of this algorithm that commences
on a preceding page.

Zgbl,i = [Zgbl,l (:BZ) T Zgbl,Kgbl(wi)] and Zgrp,i - [ grpl(a:z) e Zgrp,Kgrp (:BZ)]
where {2y, (1) 1 1 < k < Ky} and {zgpi(-) : 1 < k < K, } are spline basis functions for
the global f and group-specific g; functions, respectively. The full Gaussian response Bayesian
group-specific curves model that we consider here is
yz|187 ugblu WUiin i ugrp,i7 U? HE N(X’LIB + Zgbl,iugbl + Xiulin,i + Zgrp,iugrp,i7 O-QIH')7 1 S { S m,
ind. ind. .
ugbl‘agbl ~ N(07 UgblIKgbl)v ulin,z"z ~ N(0,%), grpl’ngrp ~ N(0, grpIKgrp) 1<1<m,

8~ N(O,U%Ig), o2b. ~ Gamma(3,b.), b. ~ Gamma(3,s;?),

ag;12|bgbl ~ Gamma(%, bevi),  bgot ~ Gamma(%, ;}312) (15)
O 2 |bgy ~ Gamma(}, by, ),  bgp ~ Gamma(3, gr}?)

blin,l 0

= by, bins ~ Wishart ( 3,4
, , 0 blin,2

ind. 1 -2
:| ) ) blin,b blin,2 ~ Gamma(§7 Slin )

for hyperparameters og, s¢, Sg1, Sgp, Sin > 0. The notation X ~ Wishart(x, A) signifies that X
has a Wishart distribution with shape parameter « and rate matrix A and is such that the corre-
sponding density function satisfies p(X) o | X |(+73)/2 exp{—3tr(AX)} for X symmetric and
positive definite. The last line of (15) corresponds to 3 having a marginally non-informative
prior distribution, for sufficiently large s, as described in Huang & Wand (2013).

For the second case of (14), for which the y;;s are binary, the Albert & Chib (1993) approach
involves the introduction of the auxiliary variables, a;;, 1 <i <m, 1 < j < n;, such that

yij = I(a;5 > 0) and the vectors oy = [oj]i<j<n;,, 1 <7< m. (16)

With (16) in place, the full binary response Bayesian group-specific curves model is the same
as (15) but with the first line replaced by

ind. .
a’i‘ﬂa ugbh ulin,i7 ugrp,i ~ N(Xlﬂ + Zgbl,iugbl + X’iulin,i + Zgrp,iugrp,h I’Ili)u 1 S 1 S m,

We now present Algorithm 5 for Gibbs sampling with orthogonalized design matrices
speed-ups, and let the matrices X ; and Z i 1 <@ < m, be defined according to

~— ~—

X 1 Z gbl,1
X - . and Z gbl = .
X m Z gbl,m

12
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Figure 2: Side-by-side boxplots of the effective sample size per second ratios for the computer experiment
involving Bayesian generalized additive models described in the text. Each ratio corresponds to the
effective sample size per second for the orthogonalized design matrices approach divided by the same
quantity for the direct approach. The thick horizontal lines correspond to a ratio of 1.

with the number of rows in X ; and Z oo, being the same as the number of rows in y,. The
grid-wise design matrices X 4, Zy, 4 and Z,,, 4 are also inputted to Algorithm 5.

Figure 3 shows the results of a computer experiment in which synthetic data were gener-
ated according to the binary response version of (14) with the number of groups ranging over
m € {250,500,1000} and the number of observations within the ith group fixed to be n; = n
with n € {30,60}. The spline basis sizes were fixed at K, = 25 and K,,, = 15 and the Gibbs
sample sizes were Ny = Niee = 5,000. The quantities of interest are f evaluated at each
of the population quantiles, f(Qx), K = 1,2,3, and the diagonal entries of X, ¥y, k = 1,2.
The side-by-side boxplots in Figure 3 show that the orthogonalized design matrices approach
improves upon the direct approach by factors of around 5-15.

4.1 Application to Adolescent Somatic Growth Data

We applied the Gaussian response version of Algorithm 5 and its direct counterpart to data on
adolescent somatic growth from the study described in Pratt et al. (1989). The data are part of
the R package HRW (Harezlak et al. 2021) and stored in the data frame growthIndiana. It
consists of 9 or more longitudinal height measurements taken approximately every six months
for each of 216 adolescents from Indiana, U.S.A.,

Figure 4 shows the Bayesian group-specific curve model fits. The basis sizes are K, = 25
and K, = 9 and the hyperparameters values were set to 03 = 5. = Sg = Sin = Sqp = 10° after
global standardisation of the age and height data before input into Algorithm 5. The Gibbs
sample size values are Ny, = Nipe = 10,000. In each panel of Figure 4 the curve corresponds
to the posterior mean of f(age) + gi(age), 1 < i < 216, (in the notation of (14)) and the

13



Inputs: y; (n; x 1), X (n; X 2), Zgu (ni X Kgn), Zgrpi (i X Kgip), 1 <0 <,
Xg (Ngrid x 2)/ Zgbl,g (Ngrid x Kgbl)f Zgrp,y (Ngrid X Kgrp)/
085 8¢, Sgbl, Stins Sgrp > 0, Nourn, Niept € N, responseType € {Gaussian, Bernoulli}.

Decompose X = UXdiag(dX)Vf; where UL Ux = Vi Vx = Vx Vi = I,.

Decompose Zy, - Uz, diag(d bl)V;gbl where
T T T
UL Uiy =VE Vi = Ve Ve, = Ticyy

X «— Uxdiag(dx) ; Zg < Uy diag(dy,,) ; dy «—dx 0dx ; dj  ——dz Gds

Zgpl
(XTY,)ag ¢— X-Tyi P XTX; «— XTX, 5 XTX; «— XTX, ; XTZyg; +— X7 Zgbu

T <

SUMXTy,q; — Z X i s SUMZ g Ty o <— Z Zgb“yz ; SUMXT Zgy <— Z X, Zy;
1=1 =1 =1
Fori=1,....m
. T

DecomTpose Z i =U Zgrp,idlai(dzgrp,i) Vggrpﬂ_ whereUy Uz, . = I,

and VeV Zgmi = V zgpi V zges = L Karp

) 2

Zgeri — Uzgrpzdlag( grp,i) 4 ngrp,i A dzgrp,i © dzgrp,i

~—

o T o o T
(Z grPTYz)ad] < Zgrp iYi s XTZgrp,i ¢ X, Zgrp,i ’ ZgblTZgrPﬂ' ¢ Zgbl,iZg"Pvi

Initialize: @y (Kgu x 1), ul), (2 x m), @b, (Kyp % 1),
_ — —1,\[0 0
(02)%, (o), (271, (B33, (03)!% bes b, i, B, By > O,
(XTy, )ag; (2x1), SUMXTYadj (2x1), SUMZ gblTYadj (Kgox1), (Z grp LY Jagj (K grp X 1).

For s = 1, N 7Nburn + Nkept:

ry ¢—SUMXTy,qj—SUMXT Zy, dig; ' — > (XTX)Tuly ! - ZXTZgrPZVE[;pf]
=1

e (072 + 0571

2 [s—1]

~1s] zz (02 lry
ze~N(0,I5) ; B <+— +
E ¥, e
o o v ols] & o m s
Pty <—SUMZ g Tyagj — (SUMXT Zga)” B = 3~ (XTZg, ) Y oub =N T T il
=1 =1

¢5gb1 — (‘7;2)[571]‘12 + (05;12)[871]11(5;131

Zobl
- —2)[s—1]p
N(0. T L ls] zugbl (05 ) T“gbl
Z,D:gbl ~ ( ) Kgbl) 7 ugbl + ,(pv
¢"7gbl Ugbl
Fori=1,...,m

- 8] e .
Tupn; S (XTy,;)ag — XTX; B XTZgblz E[;b]l XTZgrpl érl]az
s (052)[3*11XTX- + (Bl
Decompose ¥ )Ughm_ where UT Uuhm

Ul =z (o—Z)F Uyt

Uin,; ~ Uin,i Ulin,; - Ylind

Ulin, 4 +
/By s dulin,i

_ T _
= Uy, Uulin,i =1,

diag(d

Ulin,; uhn Ulin,;

Zulin,i ~ N(O’IQ) ; ul[m]z A U

continued on a subsequent page . . .

Algorithm 5: An orthogonalized design matrices Gibbs sampling scheme for the group-specific curves
models (15) and (16).
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Fori=1,....m
~[s] [s]

(5]
U1 (Z grpTYz)adJ (XTZgrP 1) ﬁ ( gblTZgrp z) Ugy, (XTZgrp 2) WUjin,;

Ugrp,i
—2\[s—1] 32 [s—1]
,(/}ugrp,i (06 ) ngrp,i + (Ugrp) 1Kgrp
—2\[s—1]
E (c7%) T
.oy lsl Ugrp,i e Ugrp,i

Rligpi ™ N(O’IKgrp) 7 Ugrp I + -

wﬂgrp,i Ugrp,i

% 5l ~[s] [s] ~[s]

ni%X/B +Zgb11 gbl+Xulmz+Zgrpzugrpz/ izl,"'am
If responseType is Gaussian then

(o72)ls) — Gamma(% <§;nl + 1),b5 + égﬂyl - m\|2>

be «— Gamma(l7 (o=2)ls 4 s;2>
If responseType is Bernoulli then

(022 e—1

Forl <i<m:

Forl <j <n;
¢ ~ Truncated-Normal, ((2y;; — 1)(n,);, 1) ; iy «— (2yi; — 1)¢

o m.
(XTyi)adj — X?a@ ; SUMXTyad] — Z Xz o

=1

SUMZ i T agj ¢— Z Zgblzal i (Z g TV o) — Zgrp ;

i=1
(o)) «— Gamma(%(Kgm +1),bgo + 3 Hflgb]lH ) ; bap — Gamma(l,( o)l + sgbl)

(2~ Hl] «— Wishart (m + 3, 4diag(bin,1, biin2) + Z u1[1f1]zulfr\] ZT)

biiny — Gamma(Z, 25 4 s ) ; biins +— Gamma (2, 28k 4 5 )

)

~[s]

( grp)[s] — Gamma( (MKgrp + 1), bgrp + 5 Z @ Uy ;

bgp — Gamma(l,( )l 4 s;ﬁ)
Xg— XgVx ; Zgg<— ZggVz ; Fori=1,...,m: Zgrp,i,gHZgrp,gVZgrp,i
Fors=1,..., Niept:

<[5+ Npurml ~ [54+ Npum
né] — ngg + Zgblguébl bur]
Fori=1,...,m:
~[s ~[s 5+ Npurn < [s+Npum
n'[Lg] A ng] + X ul[mz b ! + Zgrpviaguérp,i burn]
(ngl el — ( 1)[s+Nbum] ; (DY — (2 Noum] (Ug—r}?)[s] P (Ggrg)[s+Nbum]

If responseType is Gaussian then (072)[s) «— (572)[5+Nouml

Outputs: {77, 7L, (032)1, (7Y, (0,2)1 11 < 5 < N, 1 < i <}

If responseType is Gaussian then also output {(0-2)l*) : 1 < s < Ny}

Algorithm 5: continued. This is a continuation of the description of this algorithm that commences
on a preceding page.

shaded region corresponds to pointwise 95% credible intervals after back-transformation to
the original units. Simple enhancements of model (15) and Algorithm 5 could be used to
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Figure 3: Side-by-side boxplots of the effective sample size per second ratios for the computer experi-
ment involving Bayesian group-specific curves models described in the text. Each ratio corresponds to
the effective sample size per second for the orthogonalized design matrices approach divided by the same
quantity for the direct approach. The thick horizontal lines correspond to a ratio of 1.

make inferences concerning ethnicity and gender contrasts. Of interest here is the speed-ups
afforded by use of orthogonalized design matrices.

When run on the first author’s MacBook Air computer, with specifications given in Section
2.5, the direct approach took 51.8 seconds whereas Algorithm 5 only took 10.8 seconds. This
approximately 5-fold speed-up exemplifies the advantages of orthogonalized design matrices
in applications.

5 Variational Inference

Orthogonalized design matrices speed-ups also apply to other iterative Bayesian fitting and
inference procedures. Here we provide a flavor of how the principle used in the previous few
sections for Gibbs sampling also applies to variational inference.

Consider again the Bayesian nonparametric regression model (2). Suppose that we approx-
imate the joint posterior density function of the model parameters:

p(B,u, by, be,02,0%|y) by the product density form q(3, w, by, b:)q(02, 02). (17)

eyPVaur Ve

Using results laid out in, for example, Chapter 10 of Bishop (2006) the optimal g-densities in

16



510 20 510 20 510 20 510 20 510 20 510 20
T O O I 1

Vet P P ol P P o P P Pl e =
A AAA T A A

WV A A A
A A A L B

7 1 ) e D i i il Dl i o
R P el T P il P et Pl ol el 4

R el D P i Pl i i s e
S ANV A e

g @i A A A A
S AN AN AN AN

EWMIA AN
e AN AN

e D Vs il o il Pl Vel P P e il -
=P P W e P Pl P e i ittt

EAE D P Vol P Vot Pl il ol Pl P -
AN AN

832 A N T
= o Ve = P P e P e W P

510 20 510 20 510 20 510 20 510 20 510 20
age (years)

Figure 4: Somatic growth data for each of 216 adolescents from Indiana, U.S.A., from the study de-
scribed in Pratt et al. (1989). The curves are posterior means and the shading indicates pointwise 95%
credible intervals for the Bayesian group-specific curves model described in Section 4 and obtained using
Algorithm 5.

terms of minimizing the Kullback-Leibler divergence of the first density function in (17) from
the second are

q°(8,u, bu, be) = 4" (B, w)q"(bu)a*(b:) and  q*(03)q"(02)
where the q*-densities have forms

0" (8,u) : N(to(,u), ZqBw) 97 (bu) : Gamma(kige, ), Aqee,)) 9°(b) : Gamma(rigep,), Aggs.));
q*(02) : Inverse-Gamma(ry(y2), \yp2)) and  q*(0?) : Inverse-Gamma(rq(,2), Aq(o2))-

The optimal parameters of the g*-densities can be obtained using the coordinate ascent iter-
ative algorithm listed in Algorithm 6. The stopping criterion depends on the approximate
marginal log-likelihood under product restriction (17), which we denote by log{p(y;q)}. Its
explicit form is given later in this section. The approximate posterior density function, of
the grid-wise fit values vector }g = X 4B + Zgu is Multivariate Normal with mean vector
E, (?g) = Cgty(p,) and covariance matrix Covy (}g) = Cg3q(3.u)C4- Each of these matrices
is outputted by Algorithm 6 to facilitate approximate Bayesian inference for f.
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Inputs: y (n x 1), X (nx2), Z (nx K), Xg (Ngiq X 2), Zg (Ngia X K) 08, 5y, 5¢, Eoler. > 0
Initialize: y1,(,-2), Hq(b,) Hq(o=2) Habe) > 0 5 Kqoz) $— F(K+1),; Kq(o2) $— F(n+1)
C+—[XZ];,Cy+—[Xy42Z4 ; Cly+— C"y ; CTC+— C"C
Cycle:
. _ T
Qq(ﬁ,u) — Mq(agz)CTC + dlag([gﬁ212T Mq(ggz)].j[;] )

DeTCOI‘I‘IPOSe Qq(ﬁ,u) = Uq(ﬁ#)diag(dq(ﬁ,u))Ug(ﬁ)u) where
UgpuUaBw =UqsuwUqpu) = Tx+2

BaBa) ¢ Ugpwdiag(l/dosuw)Ugpu & Ha@a < Hoo:?) Za@wCTy
Mgy < lower K x 1block of pgg.) 5 qu) — lower right K x K block of 35 )

M(o2) ¢ Haw,) T 3B 1? + 3t (Baw) 5 Moz Kaw2)/Aao2)
)\q(bU) A /’Lq(0'772) + 8172 ; /‘q(bu) — 1/Aq(bu)
2
M2y ¢ ta) + 5[|1Y = Cligaan || + 5t (CTCSqip,u)) 5 g2y ¢ Fato2)/Naco2)
Aq(be)  Hgoo2) T 5225 Ha.) ¢ 1/ Xq0.)
until the relative change in log{p(y; q)} is less than .
Eq (fy)  Cybtgpu) i Covq (fg) — nyq(ﬁ,u)cg

Outputs: {Eq(f,),Covq(Fy): faro2) Aa(o2) Fa(o2)s Aa(o2) }

Algorithm 6: A direct mean field variational Bayes algorithm for fitting and inference for the Bayesian
nonparametric regression model (2).

In Algorithm 6 note that an O(nK?) singular value decomposition, for inversion of Qg ),
is carried out within each iteration. Algorithm 7 avoids this computational cost by working
with an orthogonalized version of C' = [X Z]. The approximate marginal log-likelihood with
respect to the (8, 1) parameterization is denoted by log{p(y;q)}. An explicit expression is
given later in this section. -
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Inputs: y (n x 1), X (nx2), Z (nx K), Xg (Ngia X2), Zg (Ngia X K), 03,54, 5¢, Etoter. > 0
Initialize: y1,(,-2), Hq(b,): Hq(o=2) Hae) > 0 5 Kqoz) $— F(K+1),; Kq(o2) $— F(n+1)
C—[XZ) ,;, Cqg—[X42Z4]

Decompose C = Ucdiag(dc)VE where Ul Uc = VEV e =V VE =Tk o

C«— Ucdiag(dc) ; éTy « CTy ; d? «— dc © dc

Cycle:

2 2 —2.T 71T\ . 2 e
Ta@a T 1K+2/<Nq<a;2>dc+ (05712 tq(o,) k] >'“q<57a)  Pa(or) % 5,0 CTY

_. «— lower K x 1block of 62 . _
T 2

1 1 .
Mao2) < o) + 3lBqe 17+ 31K0% 5 5 He@r2) ¢ Fao2)/ Aato2)

9 52
Koy < lower K x 1 block of PG+ %

Na(ba) € (o2 T 5u” 5 Hama) ¢ 1/ Aap.)

2
1/.42 . ¢
+ E(dC)To-j(E’,L\Z) 4 /‘Lq(05_2) “q(ag)/)‘q(dg)

Aq(o2) € Ha(bo) T %Hy ~Cr, G
)\q(bs) — 'uq(G'E_Q) + 8;2 ’ Nq(bs) — 1/Aq(b5)
until the relative change in log{p(y; q)} is less than ee..

59 «— CgVe ; Eq(?g) — 59“ g

B+ Cova (F4) — ngiag(ai(évi))CT

Outputs: {Eq(f,), Covq(Fy): Fato2) Aa(e2) Fa(o2)> Aa(o2) }

Algorithm 7: An orthogonalized design matrices speed-up of Algorithm 6 for the Bayesian nonpara-
metric regression model (2).

For the stopping criteria in each of Algorithm 6 and Algorithm 7 first define

Ta(02 buo2.b:) = Ha(ba) (a(1/o2) + 5u°) + 3K + 1) log (\go2)) + 108 (Aqp,))
g (Ha(/02) +522) + 3(n+ 1) log (Ag(02)) + 108 (Aqes.))

and let ‘const’ denote constant terms such as — 3 nlog(2). Then expressions for the g-density
dependent components of log{p(y; q)} and log{p(y; q)} are:

log{p(y; 0)} = 3108 S| — 505 {I1tq)I” + tr(Zqe8)) }
~3tg(o;) {1 g |” + 0 (Zq(u)} = To(o2,bu.02..) + comst

and
3 _ 14T 2 1 _—2 2 T _2
log{B(y; )} = 31k+2108 (75 ) — 205" ([ [I” + 12 Uq(g))
where, for example, 3 ) is the upper left 2 x 2 block of 33 4,)-
There are numerous extensions of Gaussian response nonparametric regression for which
the principles illustrated in this section apply. Some of these are the extensions described in
Sections 3 and 4. Others include streamlined variational inference for higher level random ef-

fects as described in Nolan et al. (2020) and multiply nested group-specific curves as described
in Menictas et al. (2021).

6 Conclusions

The orthogonalized design matrices approach to Bayesian semiparametric regression is a small-
cost adjustment that yields significant speed-ups. Bayesian computing algorithms such as
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Gibbs sampling and coordinate ascent variational inference require two orders of magnitude
fewer operations. Our computer experiments show practical speed-ups as high as factors ex-
ceeding 60 and almost always by factors of 5 to 10. In conclusion, of orthogonalized design
matrices has clear benefits in semiparametric regression applications where speed is impor-
tant.

A Result 1 and Derivation

Throughout this article we use a singular value decomposition approach to obtain draws from
Multivariate Normal distributions. These are underpinned by Result 1, which we now state
and prove.

Result 1: Suppose that ¢ (d x 1) and ¥ (d x d) are two matrices such ¥ is symmetric and positive
definite. Next, suppose ¥ = Udiag(d)U" is a decomposition such that UTU = UU" = 1. If

Uz N Uy
Vd d

z~ N(0,I;) and :UEU( > then =~ N(¥ 1y, ¥,

Proof of Result 1.

First note that the mean of x is

E(x)=U (Uzd)) = Udiag(l/d)Uqu = {Udiag(d)UT}_lqp — Wy,

The covariance matrix of x is
Uz
Vd

Cov(x) = Cov (U ( > ) =Cov (Udiag(l/\/E)UTz>

— Udiag(1/Vd)UTCov(z)Udiag(1/Vd)UT
— Udiag(1/d)UT = {Udiag(d)yU"} ' = &,

Since x is a linear transformation of z, it also has a Multivariate Normal distribution and
Result 1 holds.

Acknowledgements
This research was partially supported by the Australian Research Council Discovery Project

DP230101179, the Indonesian Education Scholarship, Center for Higher Education Funding
and Assessment and the Indonesian Endowment Fund for Education.

References

Albert, ].H. & Chib, S. (1993). Bayesian analysis of binary and polychotomous response data.
Journal of the American Statistical Association, 88, 669—-679.
Bishop, C.M. (2006). Pattern Recognition and Machine Learning. New York: Springer.

Demmler, A & Reinsch, C. (1975). Oscillation matrices with spline smoothing. Numerische
Mathematik, 24, 375-382.

20



Donnelly, C.A., Laird, N.M. and Ware, J.H. (1995). Prediction and creation of smooth curves
for temporally correlated longitudinal data. Journal of the American Statistical Association,
90, 984-989.

Gelman, A. (2006). Prior distributions for variance parameters in hierarchical models. Bayesian
Analysis, 1, 515-533.

Harezlak, J., Ruppert, D. and Wand, M.P. (2018). Semiparametric Regression with R. New York:
Springer.

Harezlak, J., Ruppert, D. and Wand, M.P. (2021). HRW 1.0. Datasets, functions and scripts for
semiparametric regression supporting Harezlak, Ruppert & Wand (2018). R package.
https://CRAN.R-project.org/package=HRW

Huang, A. and Wand, M.P. (2013). Simple marginally noninformative prior distributions for
covariance matrices. Bayesian Analysis, 8, 439—452.

Menictas, M., Nolan, T.H., Simpson, D.G. and Wand, M.P. (2021). Streamlined variational
inference for higher level group-specific curve models. Statistical Modelling, 21, 479-519.

Nolan, T.H., Menictas, M. and Wand, M.P. (2020). Streamlined computing for variational in-
ference with higher level random effects. Journal of Machine Learning Research, 21(157),
1-62.

Polson, N.G., Scott, ].G. & Windle, J. (2013). Bayesian inference for logistic models using Pélya-
Gamma latent variables. Journal of the American Statistical Association, 108, 1339-1349.

Pratt, ].H., Jones, J.J., Miller, ].Z., Wagner, M.A. & Fineberg, N.S. (1989). Racial differences in
aldosterone excretion and plasma aldosterone concentrations in children. New England
Journal of Medicine, 321, 1152-1157.

Robert, C.P. (1995). Simulation of truncated normal variates. Statistics and Computing, 5, 121-
125.

Stan Development Team (2025). rstan: the R interface to Stan. R package version 2.32.7.
https://mc-stan.org/

Wand, M.P. and Ormerod, J.T. (2008). On semiparametric regression with O’Sullivan penalized
splines. Australian and New Zealand Journal of Statistics, 50, 179-198.

21



