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Abstract

The investigation of flexible classes of discrete prior has been an active research line in
Bayesian statistics. Several contributions were devoted to the study of nonparametric
priors, including the Dirichlet process, the Pitman—Yor process and normalized random
measures with independent increments (NrRmi). In contrast, only few finite-dimensional
discrete priors are known, and even less come with sufficient theoretical guarantees.
In this thesis we aim at filling this gap by presenting several novel general classes
of parametric priors closely connected to well-known infinite-dimensional processes,
which are recovered as limiting case. A priori and posteriori properties are extensively
studied. For instance, we determine explicit expressions for the induced random partition,
the associated urn schemes and the posterior distributions. Furthermore, we exploit
finite-dimensional approximations to facilitate posterior computations in complex models
beyond the exchangeability framework. Our theoretical and computational findings are
employed in a variety of real statistical problems, covering toxicological, sociological,

and marketing applications.






Chapter 1

Introduction

1.1 Discrete dependence structures

The statistical investigation of discrete random structures has been a very lively area of
research in recent years. Bayesian nonparametric (BNP) discrete priors have found wide
applicability in numerous settings that include, among others, flexible density estimation,
model-based clustering, density regression, functional data analysis, and hidden Markov
models (Hjort et al., 2010). The literature on discrete nonparametric priors flourished
after the seminal paper of Ferguson (1973), in which the Dirichlet process (pr) was
introduced. Well-known limitations of the pr have fostered the research of novel discrete
nonparametric priors, which are nowadays well established inferential tools. Among
them we recall the Pitman-Yor (py) process (Ishwaran & James, 2001; Pitman & Yor, 1997),
the normalized inverse-Gaussian process (Lijoi et al., 2005), the normalized generalized
gamma process (Lijoi et al., 2007) and the very general classes of Gibbs-type priors
(Gnedin & Pitman, 2005; De Blasi et al., 2015), and of homogeneous normalized random

measures with independent increments (NrRM1s) (Regazzini et al., 2003).

These priors have been employed to address predictive inference, with species
sampling data, and density estimation, through hierarchical mixture models. In such a
setting, the underlying assumption is that the observations 6y, ...,0, are drawn from an
exchangeable sequence of random elements (0;)i>1. More formally, let © be the sample
space, which is assumed to be Polish, and let #(®) denote its Borel o-algebra. Moreover,
P stands for the space of probability measures on ©. Then, the celebrated de Finetti’s
theorem guarantees the existence of a random probability measure conditionally on
which the ©-valued random variables are independent and identically distributed (iid),
namely for any n > 1

_y iid
01,...,00 | B)~ B,

ﬁNQr

—-

(1.1)
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where P is a random probability measure, having either a parametric or a nonparametric
form, which in turns follows the law of Q on the space g, the prior distribution in
Bayesian inference. The ry process and the class of homogeneous NRMis are instances of
discrete prior laws Q, namely random probability measures of the form

(e.¢]
P =3 Endy, (12)
h=1

where the sequence of random ©-valued locations (dn)n>1 and the random weights
€ = (&,&,,...) are independent. Furthermore, the ¢y,’s are iid draws from a probability
measure P, which is often assumed to be diffuse, that is P({0}) = 0 for any 6 € ©. Allowing
the baseline measure P to have atoms is far from being inconsequential. Indeed, in such a
case the random probability measure P can not be regarded as a species sampling model
and therefore the classical theoretical framework (Pitman, 1996) does not apply. For
example, Carlton (2002) stressed that the posterior distribution of a Pitman—Yor process
with a purely atomic baseline measure was, at the time, still unknown. This important
theoretical gap was recently addressed e.g. by Canale et al. (2017); Camerlenghi et al.
(2018). Such a setup entails challenging technical hurdles when it comes to determining
distributional properties of interest for Bayesian inference.

When investigating covariate-dependent data {(04i)i>1 : x € X} in a Bayesian
framework, with X being the covariate space, the standard assumption of exchangeability
is not appropriate since it amounts to considering the data as being homogeneous.
The covariate x € X is actually a source of heterogeneity that one has to take into
account and a different symmetry condition among the data should be specified. The
case X = {1,...,L}, corresponding to a finite covariate space, identifies data that are
recorded under L different, though related, experimental conditions. In view of this, a
natural dependence structure is implied by partial exchangeability, according to which
exchangeability holds true within each of the L separate groups each of n'Y! observations,
for 1 =1,...,L, but not across them. Then, the array of ©-valued random elements
{(B1i)i=1 : 1 =1,...,L} is partially exchangeable if and only if for any i} =1, .. .,nY and

=1,...,L

~ o iid i
(6111;-.-,6L1L) | (p]’.”’pL) e P1 X X Pr,

(]5]/' . '/ﬁL) ~ QL/

(1.3)

for some probability measure Q. on the product space &25. Hence, conditionally on the
vector (P1,...,PL), the 0y;’s are independent and identically distributed within, but only
independent across groups. The measure Q; plays the role of prior distribution and in
addition governs the dependence across groups.
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An early proposal for Q appeared in Cifarelli & Regazzini (1978), but the decisive
boost to the literature came after the seminal paper of MacEachern (1999). In this thesis
we will rely on a hierarchical construction of Q; and assume that the elements of the
collection {p, ..., Pr} are conditionally iid, given another discrete random probability

measure Po, such that
o0
- - = ~ iid _
<P{OO) V Pt()OO)) - Z Endg, ../ (fbm | P(()OO)> ~ P(()OO), l=1,...,, h>1,
h=1
o) o ;  iid
Py =D Eondgy,s don ~ P, h>1,
h=1

where P is some diffuse probability measure on ©. Note that in view of this specification,

one marginally has E(p; | Po) = Po for each 1 =1, ..., L. Thus, dependence across groups

in (1.3) is induced by considering an exchangeable collection {f)goo), .. .,f)(LOO)

probability measures. Note that the baseline distribution ﬁéoo) is almost surely purely

} of random

atomic, implying that specification (1.4) entails similar technical difficulties that arises in
the exchangeable model (1.2) when the baseline distribution is not diffuse. Such a model,

) are Dirichlet processes, has been proposed in Teh et al. (2006)

when the f){oo)’s and f)(()oo
and takes on the name of hierarchical Dirichlet process (HDP). The HDP has been successfully
applied, e.g., to topic modeling (Teh et al., 2006), speaker diarization (Fox et al., 2011)
and the analysis of fMRI data (Zhang et al., 2016). For a stimulating account on its use
in several modeling and applied frameworks see Teh & Jordan (2010). An extension to
the wider class of normalized random measures was proposed in Camerlenghi et al. (2019),
which further provides a systematic investigation of the most relevant distributional
properties for Bayesian inference. The achievement of these results heavily benefits from
the nice probabilistic structure of the completely random measures (crms) that are used
to define the underlying random probability measures. It is worth recalling that other
examples of CRM-based priors Q1 are available in the literature, the most recent examples

being Lijoi et al. (2014a,b), Lijoi & Nipoti (2014) and Griffin & Leisen (2017).

Exchangeable and the partially exchangeable settings constitutes a crucial building
block for the construction of more complex models in which latent quantities, rather
than the raw data, are assumed to be (partially) exchangeable. Hence, the theoretical
investigation of this framework is motivated by applications well-beyond models (1.1)
and (1.3). However, in some cases one might be interested in regression models where
the entire distribution of a response variable is unknown and changes with a general
vector of predictors € X C RP. Indeed, the increased flexibility provided by these
procedures allows improvements in inference and prediction compared to classical

regression frameworks, as seen in applications (e.g. Dunson & Park, 2008; Griffin & Steel,
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2011; Wade et al., 2014). Mixture models based on (1.2), such as the Dirichlet process
mixture of Lo (1984), have key computational benefits (e.g. Escobar & West, 1995; Neal,
2000), and provides a consistent strategy for density estimation (e.g. Ghosal et al., 1999;
Tokdar, 2006; Ghosal & Van Der Vaart, 2007). This has motivated different generalizations
of (1.2) by allowing the random mixing measure P, to change with z € X C RRP
(MacEachern, 1999, 2000). Popular representations consider predictor-independent
mixing weights &}, as in (1.2), and incorporate changes with « € X in the atoms o See
for instance De lorio et al. (2004); Gelfand et al. (2005); De la Cruz-Mesia et al. (2007).
As noted in MacEachern (2000) the predictor-independent assumption for the mixing
weights might have limited flexibility in practice. This has motivated more general
formulations in which also the weights &, = &n(x) vary with the predictors. Relevant
examples include the order-based dependent Dirichlet process (Griffin & Steel, 2006),
the kernel stick-breaking process (Dunson & Park, 2008), and the infinite mixture model
with predictor-dependent weights (Antoniano-Villalobos et al., 2014). In this thesis we
will rely on a specific predictor-dependent formulation for p,, called logit stick-breaking
process (LsBP), defined for any = € X C IRP as

0 H-1
Pe=) @)y,  Enl@) =walz) [[(1-&®@), h=2 (1.5)
h=1 1=1

with &;(x) = vi(x) and ¢y, id P, where each stick-breaking weight vy, (x) € (0, 1) relates
to a function ny(x) € R of the covariates through the logit link. Such a formulation is
closely related to the probit stick-breaking prior (psBr) of Rodriguez & Dunson (2011)

and it has been employed in Ren et al. (2011) for image segmentation.

1.2 Main contributions of the thesis

The remarkable advances in the BNP literature—outlined in the previous section—have
not been paralleled by a similar wealth of proposals in the finite-dimensional setting,
namely priors characterized by finitely many parameters. This includes discrete law of
the form

H
o
p =) mds, Ou~P  H>T, (1.6)
h=1

where the positive weights ZE:] 7 = 1 almost surely and the collections {64,...,0y)and
{m1,..., 4} are independent. Indeed, only few alternatives to (1.6) are known beyond
Dirichlet-like structures and most of them outside the Bayesian realm. For example, there

is an interesting piece of literature focusing on compositional data and spurred by the
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pioneering work in Aitchison (1985) on general classes of distributions on the simplex,
but none of them has been actually used as a prior distribution for modeling either the
data or some latent feature. Indeed, the lack of deep theoretical results has prevented the
development of more flexible classes of priors, as well as simple sampling algorithms

that may facilitate their usage in applications.

A classical and popular prior choice for the weights (7, ..., my) in equation (1.6) is
the symmetric DIRICHLET(c/H, ..., c/H) distribution. For instance Malsiner-Walli et al.
(2016) suggest its usage for sparse finite mixture models as a way to circumvent the issue
of selecting the number of mixture components, on the ground of asymptotic results
presented by Rousseau & Mengersen (2011). The symmetric Dirichlet specification above,
when directly used for exchangeable data (61,..., 06 | f)(H)) id f)(H), is often referred to
as Dirichlet multinomial model, finite-dimensional Dirichlet process, or Fisher process. See
for instance Kingman (1975); Ishwaran & Zarepour (2000, 2002) for further discussions.
In addition, it is well-known that for H large enough the Dirichlet multinomial might
be regarded as an approximation of the pp, and the implications of such a usage are

detailed for instance in Green & Richardson (2001) or Ishwaran & Zarepour (2000).

Given the amount of interesting properties characterizing the symmetric Dirichlet, it
is natural to ask whether there exist some equivalent and tractable formulations for the
Pitman—Yor process and for homogeneous NrMi1s. As we shall see, the answer is positive.
Specifically, in Chapter 2 and Chapter 3 we introduce and investigate novel classes of
finite-dimensional discrete priors that naturally generalize the Dirichlet multinomial
and whose limits are the aforementioned nonparametric priors. We drop the Dirichlet
specification since it displays serious drawbacks and limitations that are well-known in
the literature. For example, it is very sensitive to the choice of its hyperparameter, hence
requiring a careful calibration of the total mass parameter c. Moreover, the underlying
clustering structure induced by the Dirichlet distribution is somehow restrictive, since it
depends only on one parameter, thus calling for more flexible specifications. This has
some effects on the structure of the associated system of predictive distributions. In the

nonparametric case, these aspects are surveyed and illustrated in De Blasi et al. (2015).

Motivated by similar considerations, in Chapter 4 we present a novel enriched
finite-dimensional discrete prior whose limit is the enriched functional Dirichlet process
of Scarpa & Dunson (2014). The emphasis of such a contribution is on Bayesian functional
clustering and this allow us to illustrate the practical advantages that a finite-dimensional

specification might have in business applications.

The Dirichlet multinomial process has been exploited also as a computational tool for
approximating the pr. However, other approximations exist. For instance, Muliere &

Tardella (1998) rely on a truncation of the stick-breaking representation of the pr. Such
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an idea was popularized and extended to the Pitman—Yor case by Ishwaran & James
(2001). Following a similar line of reasoning, the contributions of Arbel & Priinster
(2017) and Arbel et al. (2018) discuss truncation-based approximations for homogeneous
NRrMmIs and for the Pitman—Yor process, respectively. The excellent performance of the
above methods motivated us to develop similar approximate forms also for models (1.4)
and (1.5). Specifically, in Chapter 5 and Chapter 6 we present novel computational
strategies based on finite-dimensional prior for general hierarchical processes and for
the LsBr, respectively. In both cases these methods comes with theoretical guarantees as
we formally quantify the discrepancy between the finite- and the infinite-dimensional
processes.

As was made clear, the core concept which motivates and unifies the contributions of
this thesis is the notion of finite-dimensional nonparametric priors. The only exception to
this general scheme is the work of Chapter 7, in which we provide theoretical justifications
for a widely used variational Bayes approach for logistic regression. These theoretical
advances will play a central role in the derivation of variational strategies for the LsBP,
which are discussed in Chapter 6.

Before providing a concise account of each specific contribution, we owe a comment
about the “finite-dimensional nonparametric” terminology. Indeed, within the BnP
framework, the term “nonparametric” usually refers to the fact that the support of
the prior distribution is infinite-dimensional. In this thesis, we embrace a different
perspective and rely on classes of finite-dimensional priors whose flexibility can be
increased at will, eventually converging to some well-defined infinite-dimensional prior.
This argument is not completely new (Green & Richardson, 2001; Miller & Harrison,
2018) and leads to a broader definition of BNP, a perspective which seems to be supported
in the review paper “Bayesian nonparametric inference - why and how” by Miiller & Mitra
(2013), who state in the conclusion:

«We started out by defining BNP as probability models for infinite-dimensional
random quantities like curves or densities. It might be more fittingly called “massively
parametric Bayes”. The label nonparametric has been used because inference under

BNP models often looks similar to (genuinely) nonparametric classical inference.»

The finite-dimensional priors we propose in this thesis well fit this broad definition of
“nonparametric”, being highly flexible, massively parametric, and well-defined at the
limit. We shall stress, however, that a large amount of parameters does not automatically
define a “nonparametric” prior. Indeed, a strong prerequisite of any nonparametric
procedure is the possibility of increasing the model flexibility at will, a requirement that

is not necessarily satisfied by general massively parametric proposals.
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1.3 Summary of the specific contributions

Each of the following sections corresponds to the homonymous chapter of the thesis
and summarizes its main findings. The notation through these Chapters is largely
consistent—and strongly consistent within the same Chapter—meaning that in some
cases the same symbol has been used along the thesis to denote different but conceptually
similar quantities. For example, the vector 8 = ($31,..., )T always denote regression
coefficients through the thesis, although they will be appear e.g. in a convex mixture
regression model in Chapter 2 and in a logistic regression model in Chapter 7. Therefore,
to avoid confusions, each quantity is either recalled or re-defined within each Chapter.

1.3.1 On a finite-dimensional Pitman-Yor process

In Chapter 2 we aim at studying a novel finite-dimensional random probability measure
in the form of equation (1.6) which we term Pitman—Yor multinomial process. We show
that such a prior may be seen as a finite-dimensional analogue of the Pitman-Yor process
and naturally generalizes the Dirichlet distribution on the simplex. Besides yielding a
considerable degree of modeling flexibility, it preserves analytical and computational
tractability. In first place, the Pitman—Yor multinomial process may serve as a very
effective tool for computational purposes in a nonparametric setting. A popular class
of Markov chain Monte Carlo algorithms for nonparametric mixture models, usually
referred to as blocked Gibbs sampler, relies on the truncation of a stick-breaking
representation of the mixing Pitman-Yor process (Ishwaran & James, 2001). If (vj)j>1
is a sequence of independent random variables with v; ~ Beta(1 — o,c+jo), 0 € [0, 1),
¢ > —o, and P a probability measure defined over ©, then a prior on the space of density
functions is the distribution of

oo .o
| Kwop=lde), 9 =Y sy, P (1.7)
© h=T1 "
where &1 = vy, & = i H}L;]]H —v;) for h > 2 and where X is some transition

kernel such that [ K(y;0)dy = 1 for any 8 € ©. When it comes to evaluating
Bayesian inferences, the infinite series defining p(*) in (1.7) cannot be computed and one
conveniently relies on a suitable finite-dimensional approximation obtained by truncating

Poo at some level H, i.e.

Pl = Endy + (1M, (1.8)
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where ¢H-1 = (&;,...,& 1) and |€MV)| = & 4. + &4_;. This approach has some
limitations since one can hardly identify marginal probabilistic structures of interest
such as, for example, the law of the induced exchangeable random partition, the
probability distribution of the number of clusters or the prediction rule associated
to (1.8). The results that are displayed in Chapter 2 will successfully address the
above issues by relying on the Pitman—Yor multinomial process, which stands as an
alternative finite-dimensional approximation of $(*. It will be shown that especially
for non-informative specifications of (>, namely those corresponding to values of
o > 1/2, the Pitman-Yor multinomial process is a more accurate approximation of
p(*) compared to the truncated stick-breaking representation (1.8). In addition, the
distributional results we achieve allow for a straightforward implementation of novel
generalised Blackwell-MacQueen sampling schemes for evaluating point estimates,
as well as conditional algorithms for uncertainty quantification. When o = 0, the
finite-dimensional model we propose clearly boils down to the Dirichlet multinomial
with H atoms.

On top of its computational relevance in Bayesian nonparametrics, the Pitman—Yor
multinomial process has important applications in finite mixture modeling. In this
setting the value H represents a conservative upper bound for the number of mixture
components. As discussed in Section 1.2, when ¢ = 0, such an approach find asymptotic
justifications in Rousseau & Mengersen (2011). Hence, the Pitman—Yor multinomial
process stands as a natural generalisation of such a method and it translates the
advantages of the Pitman—Yor process into the finite-dimensional settings. This additional
flexibility permits a much finer control of the underlying random partition, and in
particular allows for more robust specification of the cluster distribution, which is
typically very informative in the Dirichlet setting (Lijoi et al., 2007).

The impact of our proposal, and of the related distributional results, will be displayed
by considering a covariate-dependent mixture. It will be assumed that the data Y;,..., Yy
are such that

ind

(YilPx) ~ J@K(y;ﬁ)faxi(de), i=1,...,n, (1.9)

where x; > 0 is a covariate associated to Y; and

pe={1 -0 +(x)55_, x>0, (1.10)

(M) on |,

is modeled as a convex linear combination of a discrete random measure p
and a random point mass at 0, € ©. This modeling framework is analogous to the
one proposed in Canale et al. (2018), who engage in a toxicological study originally

conducted by Longnecker et al. (2001) and later discussed also in Dunson & Park (2008).
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The aim of these investigations was to assess the relationship between the DDE persistent
metabolite of the pesticide DDT, and the risk of premature delivery. Hence, in (1.9)
the DDE and the gestational age at delivery for the ith woman in the study are the
covariate x; > 0 and the response Y;, respectively. While Canale et al. (2018) rely on
Dirichlet-like priors in various modeling steps, e.g. for the law of P, here we leverage
on the Pitman-Yor multinomial process. The smooth transition from $") to the point
mass at 0 is regulated by a nondecreasing bounded function f(x) € [0, 1] defined for
x > 0, which equals zero in the origin, i.e. f(0) = 0. The Pitman-Yor multinomial process
might be used also for the semi-parametric estimation of f(x). Indeed, in quantitative
risk assessment one customarily assumes that the f(x) can be expressed as a linear

combination of pre-specified basis functions

M
f(x) =) Bun(X)Bm, x>0, (1.11)

m=1

where Bi(x), ..., Bm(x) are nondecreasing and such that By, € [0,1] form =1,..., M.
Under this choice, the constraints on f(x) are automatically satisfied if 0 < 3, < 1 and
Zanl:1 Bm = 1. Hence, a symmetric Dirichlet distribution, corresponding to the weights
of a Dirichlet multinomial random measure, might be adopted as prior choice for the
parameters f31,..., Bpm. However, question remains on the choice of its hyperparameters,
which might affect the estimate of f(x) if not suitably calibrated. To overcome this issue,
we replace the symmetric Dirichlet with the more flexible ratio-stable distribution, the
law associated to the weights of a Pitman—Yor multinomial process, which is shown to
provide robust and reliable inferential results even under miscalibrated choices of the

hyperparameters.

1.3.2 Finite-dimensional normalized random measures

In Chapter 3 we move beyond the Pitman—Yor multinomial case and we study a much
broader class of finite-dimensional random probability measures having form (1.6) which
we term normalized infinitely divisible multinomial (NIDM) processes. These priors are the
finite-dimensional analogue of the class of homogeneous NrRM1s. Our theoretical results
are general, but particular emphasis will be given to the special case called normalized
generalized gamma multinomial process.

As an illustrative application, we consider the INVALSI 2016-2017 dataset, a national
examination conducted in Italy. Specifically, we aim at measuring the teaching competen-
cies of a set of schools by taking into account the socio-demographic characteristics of
its students. Great effort has been made by the INvALsI institution to provide reliable

quantifications of the effect of each school on the test performance. Indeed, such an
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indicator is nationally relevant especially for the development and the evaluation of
educational policies. We address this problem via semi-parametric modeling with
nonparametric school-specific random effects, which will be interpreted as a proxy of the
added-value of the school. Stated in more general terms, let Yj, ..., Y, be a sequence of
Y-valued random elements (they will be schools” effects in our motivating application),
and let X : Y x ©® — R be a transition kernel such that y — K(y; 0) is a density function

(H)

on Y, for any 0 € O. Then, conditionally on a random probability measure p'"/, we

suppose that
- iid ~
Vi Yol pM) 5 J@wy;e)p”“(de),

with pH) being a NIDM process of the form (1.6). The proposed NIDM processes allow for
a finer control of the underlying clustering mechanism and for a robustification of the
estimation process. We will provide both theoretical and empirical evidence in support
of this claim, in line to what was already noticed in the infinite-dimensional case (Lijoi

et al., 2007).

The study of this novel class of priors will benefit from its connection with homo-
geneous NMRIs, whose theory has achieved remarkable advances in the recent years
(Lijoi & Priinster, 2010), and such a connection suggests several practical advantages.
As a by-product of our investigation, we note that by virtue of their close relationship
to homogeneous NrRMI, one might employ NIDM as approximations of their infinite-
dimensional counterpart. Besides the theoretical interest that a result of this type may
give rise to, it is also very helpful from a practical standpoint since it helps lightening
computational bottlenecks. Indeed, posterior inference for NrRm1s might involve Ferguson
& Klass (1972) representations, hence requiring numerical and analytical approximations.
In contrast, the posterior structure of several NIDMs can be computed exactly. Such a
gain, however, does not come for free since the probabilistic structure of our model
yields some challenging technical hurdles when it comes to determining distributional
properties of interest for Bayesian inference. These difficulties parallel those that arise
when one uses a discrete base measure for a nonparametric prior process. See, e.g.,

Canale et al. (2017) for an example in the Pitman—-Yor case.

1.3.3 Functional clustering via finite-dimensional enriched priors

There is an increasingly rich literature about BNP models for clustering functional
observations. However, most of the recent proposals rely on infinite-dimensional
characterizations that might lead to overly complex cluster solutions. Motivated by

an application in e-commerce, In Chapter 4 we propose a novel finite-dimensional dicrete



Chapter 1. Introduction 11

12000

~
/ AN
_________ oS 1y YO
S~ 1/ \

9000 \\ Y, \ N
S N /I AN PRI Route
] - - \ N
5 _ - ~ ~=7 \ < /’ - L ¢ —— AHO - MIL
zln - N\ / NN - N
o ~ ~-7 7 =e= MIL - AHO
g 60007 L ¢ \ " S
2 Lot PN - \ p = MIL-NAP
§ e’ .. N e - NAP-MIL
= | &m==T S

30004 ~

________
-
S~

Apr 2017 Jul 2017 Oct 2017 Jan 2018 Apr 2018
Date

Figure 1.1: Number of the web searches on an Italian website in the period between March 2017
and March 2018. The origin and the destination of each route are coded as follows: MIL = Milan,
NAP = Naples, AHO = Alghero. Smoothed trajectories are obtained using a nonparametrics loess
estimate.

prior that we term enriched Dirichlet multinomial process. Our proposal accommodates the
incorporation of functional constraints while bounding the model complexity.

In our motivating application, a private company selling flight tickets is interested in
understanding the preferences and the needs of its customers, to implement effective
marketing strategies and to provide tailored solutions to its clients. In this specific
industry, a major goal is to assess the interests of customers towards each flight route,
which represents the functional unit in our analysis. The involved number of flight routes
is quite large and therefore route-specific marketing actions are practically unfeasible,
since they would require massive human interventions. A possible solution is to consider
groups (clusters) of similar routes to allow the development of cluster-specific policies
which have an impact on homogeneous segments of the market. Such a strategy is highly

effective as long as the number of clusters is limited.

The entries of the dataset at our disposal are the number of times that each route
has been searched on the company’s website, comprising a collection of weekly counts
for each flight route. These longitudinal measurements are characterized by relevant
temporal patters that can be exploited to produce a finer partition of the market,
compared to approaches based on static indicators. This is immediately evident from
Figure 1.1, where the smoothed trajectories of two different routes are depicted. From
a modeling perspective, we are given a collection of functional observations—one for
each flight route—and we aim at partitioning them into groups. Let us assume that

the route-specific measurements Yj(t) can be regarded as error-prone realizations of
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unknown functions fi(t), for each route i =1,...,n, and time value t € R, that is
Yi(t) = fi(t) + ei(t), i=1,...,n, (1.12)

with €;(t) denoting a random noise term, independent over flight routes and time. The
additive specification (1.12) customarily serves as starting point in functional data analysis
(Ramsay & Silverman, 2005). A natural way to group different functions in (1.12) is
through Bayesian mixtures. Functional clustering via finite mixtures have been provably
effective in applications (e.g. Heard et al., 2006), but question remains on the choice of
mixture components, i.e. the number of clusters. A possible solution is to rely on BNP
priors, and one may follow Bigelow & Dunson (2009) who proposed a spline formulation
for each f; together with a D for the associated regression coefficients. Similarly, Ray
& Mallick (2006) adopted the pP in conjunction with wavelets. The resulting process
is called functional Dirichlet process (Fpp). In Dunson & Park (2008) such a model has
been employed for joint modeling of functional observations with a response variable,
whereas in Petrone et al. (2009) a hybrid ¥pr is proposed, allowing realizations of fi(t) to

share atoms in different local regions.

Although the latter methods enable flexible clustering and they are excellent tools for
density estimation, their practical usage might be limited here. Indeed, the employment
of a model with an unbounded number of groups might undermine the original goal,
namely providing small dimensional summaries of flight routes. Furthermore, all the
above models seem to rely too much on data while ignoring accumulated knowledge
from past analyses. For example, it is known that some flight routes are characterized by
a strong cyclical component, e.g. the one depicted in Figure 1.1, and one may want to
include this aspect in the model. The latter remark motivated Scarpa & Dunson (2009) to
propose a contaminated ¥pr accounting for parametric functional specifications.

To overcome all the above limitations we propose an enriched functional Dirichlet
multinomial process (e-FpMP), which has a bounded complexity in terms of number of
clusters and can easily incorporate prior knowledge about functional shapes. We will
show that the proposed model converges to the enriched class of functional Dirichlet
processes (E-FDP) presented in Scarpa & Dunson (2014), when the number of clusters
is allowed to be infinite, while being reminiscent of the enriched Dirichlet process of
Wade et al. (2011). Specifically, the underlying clustering mechanism can be described
in terms of a two-step enriched urn-scheme, extending the well-know Blackwell &
MacQueen (1973) Pélya urn. Such a theoretical development clarifies the interpretation
of the involved random partition and it is helpful in the practical specification of the

hyperparameters.
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1.3.4 Computational advances for hierarchical models

Hierarchical normalized discrete random measures in equation (1.4) identify a general
class of priors that is suited to flexibly learn how the distribution of a response variable
changes across groups of observations. Although current theory on hierarchies of non-
parametric priors yields all relevant tools for drawing posterior inference (Camerlenghi
et al., 2019), their implementation comes at a high computational cost, especially when
one has to deal with the analysis of large datasets.

In Chapter 5 we fill this gap by proposing a finite-dimensional approximation
for a general class of hierarchical processes, which leads to an efficient conditional
Gibbs sampling algorithm. Most of the current algorithms for posterior inference with
hierarchical processes are of marginal type, that is they rely on the marginalization of
the random probability measures (f)goo), e ,]5(L°°)). While having some computational
advantages, this rules out the possibility of obtaining complex posterior functionals of
the vector (f)goo), .. .,ﬁ[Loo)), which are often of interest in several applied contexts such
as, for example, credible intervals. To overcome this difficulty, we propose a simple
and efficient conditional Gibbs sampler for a wide class of hierarchical discrete random
probability measures that includes the HDP as a special case. The actual implementation
of the algorithm is eased by an a priori approximation of the infinite-dimensional
process, based on a deterministic truncation of the random probability measure py. We
provide theoretical support for such a truncation, borrowing ideas from the arguments
of Muliere & Tardella (1998), Ishwaran & James (2001), and Arbel et al. (2018) within the
exchangeable setting.

It is finally worth noting that building upon model (1.4) and, then, truncating to the
Hth term, one can obtain the building block of a mixture model for partially exchangeable
data that is discussed in detail Chapter 5. Most notably, such a model also has some
connections with the Latent Dirichlet Allocation (LbA) of Blei et al. (2003), of which our
proposal is a generalization. In fact, we work with a wider class of distributions compared
to the Dirichlet distribution used in LDA. Additionally, while in LDA dependence among
mixing distributions is induced through an approximate empirical Bayes procedure
that determines the numerical value of certain hyperparameters of the model, here
our full Bayesian analysis makes use of suitable prior laws for all the parameters and
hyperparameters of the model. Finally, as for the choice of H, that is the number of latent
topics in the terminology of topic modeling, in LDA it is selected so that it minimizes
some out-of-sample goodness-of-fit metric. On the other hand, we choose H in order
to achieve a satisfactory approximation of the infinite-dimensional process; the actual
number of latent topics is elegantly and effectively regulated by the prior. We stress that

our model is not confined to topic modeling with categorical data: indeed, they may
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cope with observations taking values in general Polish spaces, thus allowing for a much

broader applicability.

1.3.5 Computational advances for logit stick-breaking priors

The formulations for Bayesian density regression recalled in Section 1.2 are very flexible
covariate-dependent nonparametric priors. However, this comes at a computational cost.
In particular, the availability of simple algorithms for tractable posterior inference is

limited by the specific construction of these representations.

The above issue motivates alternative formulations which preserve theoretical proper-
ties, but facilitate tractable posterior computation under a broader variety of algorithms.
In Chapter 6 we aim to address this goal via a LsBP prior, that has been defined in
equation (1.5). The proposed formulation is closely related to the probit stick-breaking
prior (psBr) of Rodriguez & Dunson (2011). Indeed, as we will discuss in Chapter 6, both
LsBP and PsBr are characterized by a continuation-ratio representation (Tutz, 1991), which
allows to express the underlying clustering assignment in terms of independent and
sequential binary regressions. This representation has key computational benefits and
has been exploited by Rodriguez & Dunson (2011) to derive a Markov chain Monte Carlo
(Mcmc) algorithm for posterior inference. However, while the mcMc for psBP relies on the
truncated Gaussian data augmentation for probit regression (Albert & Chib, 1993), the
one for LsBP exploits the recent P6lya-gamma data augmentation for logistic regression
(Polson et al., 2013), which might improve mixing compared to the rsBr, especially in
imbalanced situations (Johndrow et al., 2018). As we will clarify in Chapter 6, these
imbalanced settings can also occur in our case, since the binary regressions are associated

to latent clustering allocations.

Besides developing tractable Gibbs sampling methods, we further derive alternative
computational routines which address the scalability and mixing issues of McMC in
high-dimensional studies. Specifically, in Chapter 6 we illustrate a tractable expectation-
maximization (EM) routine for point estimation, and a simple variational Bayes (vB)
algorithm for scalable inference. Both strategies leverage again the sequential represen-
tation of the LsBr and the associated Poélya-gamma data augmentation. Note that a v
routine for LsSBP is also presented in Ren et al. (2011), but it is based on the bound of
Jaakkola & Jordan (2000). As a consequence of the recent theoretical findings in Durante
& Rigon (2019), which are broadly summarized in Chapter 7, it can be shown that our
approach is intimately related to the one of Ren et al. (2011), although being developed
by means of seemingly unrelated strategies. Finally, while tractable algorithms such

as EM or VB could be possibly obtained also for rsBr, we are not aware of any actual
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discussion or implementation. Indeed, the analytical derivations might be slightly more
complex in the rsBp case compared to the LsBP.

We shall emphasize that the overarching focus of our contribution is not on developing
a novel methodological framework for Bayesian density regression, but on deriving a
broad set of routine-use computational strategies under a suitable and tractable repre-
sentation. To our knowledge this goal remains partially unaddressed, but represents a
fundamental condition to facilitate routine implementation of Bayesian density regression
by practitioners. The three proposed algorithms are empirically compared using a real
data toxicology study, previously considered in Dunson & Park (2008) as well as in

Chapter 2.

1.3.6 Conditionally conjugate variational Bayes for logistic models

Chapter 7 represents an exception to the common thread of finite-dimensional nonpara-
metric priors underlying this thesis. Nonetheless, the theoretical advances contained
there are key for a deeper understanding of v approaches for logit-based models, like

those developed in Chapter 6 for the LsBP.

Variational Bayes (vB) is a common strategy for approximate Bayesian inference, but
simple methods are only available for specific classes of models including, in particular,
representations having conditionally conjugate constructions within an exponential
family. Models with logit components are an apparently notable exception to this
class, due to the absence of conjugacy between the logistic likelihood and the Gaussian
priors for the coefficients in the linear predictor. To facilitate approximate inference
within this widely used class of models, Jaakkola & Jordan (2000) proposed a simple
variational approach which relies on a family of tangent quadratic lower bounds of
logistic log-likelihoods, thus restoring conjugacy between these approximate bounds and

the Gaussian priors.

This strategy is still implemented successfully, but less attempts have been made
to formally understand the reasons underlying its excellent performance. Following a
review on VB for logistic models, in Chapter 7 we cover this gap by providing a formal
connection between the above bound and a recent Pélya-gamma data augmentation for
logistic regression. Such a result places the computational methods associated with the
aforementioned bounds within the framework of variational inference for conditionally
conjugate exponential family models, thereby allowing recent advances for this class to
be inherited also by the methods relying on Jaakkola & Jordan (2000), such as the LsBP
prior of Chapter 6.
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1.4 Related work and future directions

Before providing a concise account of possible future directions, it worth mentioning
some related works on finite-dimensional nonparametric priors and logit-based models
that have not been included in the thesis because of space constraints but also to provide
a more coherent and homogeneous treatment of the topic. In first place, the contribution
of Rigon, Durante & Torelli (2019) covers both nonparametric random effects via Dirichlet
multinomial process priors and logistic regressions via Pélya-gamma data augmentations.
Extensions of the ideas presented in Chapter 7, including stochastic variational inference
and EM strategies for logistic regression models, are instead discussed in Durante &
Rigon (2019). In addition, the contributions of Chapter 6 and Chapter 7 fostered the
research of novel algorithms for covariate-dependent latent class analysis, which are
discussed in Durante, Canale & Rigon (2019). Finally, modeling strategies for functional
observations—covered in the contribution of Chapter 4—might have sensible applications
in neuroscience, especially for the analysis of FMRI data. Indeed, the development of
tailored models for FMRI data is an active research line, as testified by the contribution
of Caponera, Denti, Rigon, Sottosanti & Gelfand (2018).

Several generalizations and developments of the work developed in this thesis can
be envisioned. In first place, the enriched Dirichlet multinomial process presented
in Chapter 4 might be readily combined with the Pitman—Yor multinomial and N1DM
processes introduced in Chapter 2 and Chapter 3. Such a generalization would allow
for an even finer control of the partition mechanism. While Gibbs sampling methods
in such a setting would be straightforward to implement, variational Bayes strategies
would not be trivial and therefore worthwhile of future research. Another possible usage
of the Pitman—Yor multinomial process is within the framework of hierarchical processes,
where it might be employed in place of the truncated stick-breaking representation in
Chapter 5. Further applications of such a process could be within the context of hidden
Markov models for speaker diarization, hence generalizing the model of Fox et al. (2011).

The contributions of this thesis will hopefully foster further research about finite-
dimensional discrete priors given that, so far, they have been extremely useful in a wide

variety of statistical problems.



Chapter 2

On a finite-dimensional Pitman-Yor process

2.1  Summary

The chapter is organized as follows. In Section 2.2 we define the Pitman—Yor multinomial
process and we provide different characterizations. In Section 2.3 we study its properties
and in particular we derive closed form expressions for the law of the random partition,
the distribution of the number of clusters, and the associated urn schemes. In Section 2.4
we characterize its posterior distribution, which can be regarded as quasi-conjugate,
paralleling the terminology used for the Pitman—Yor process. A sampling algorithm
which allows to draw independent posterior values is proposed. Finally, in Section 2.5,
we show that the Pitman—Yor multinomial process can be regarded as a weak-limit
approximation of the Pitman—Yor and we discuss its advantages over to the truncated
stick-breaking representation. In Section 2.6 we conduct a simulation study to assess the
empirical performance of the proposed prior. In Section 2.7 the Pitman—Yor multinomial
is employed for convex mixture regression modeling, and its practical gains over the

Dirichlet multinomial are emphasized.

2.2 The Pitman-Yor multinomial process

The Pitman-Yor multinomial process is built upon the Pitman—Yor (Perman et al., 1992),
also known as the two-parameter Poisson-Dirichlet process, briefly recalled in (1.7).
Notice that the probability distribution P of the atoms ¢y, is sometimes termed the
baseline measure and is such that 1E{]5(°°) (A)} = P(A) for any measurable subset A of
@. We will henceforth use the notation p!®) ~ py(o, c; P) and P is typically chosen to be
diffuse, i.e. P({6}) = 0 for any 6 € ©. The Pitman—Yor multinomial process corresponds
to the case where P is replaced by some discrete random probabiity measure with finitely

many support points, as the following definition clarifies.

17
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(H)

Definition 2.1. A discrete random probability measure '™ is a Pitman—Yor multinomial

process if it admits the hierarchical representation
H H N
(™M 1pg ) ~px(o,eipy ) Bo =) 8,  H2T, (2.1)
h=1

where 0}, are independent and identically distributed ®-valued random variables with
common distribution P. We will write ') ~ pym(o, c; P).

When o = 0, the random probability measure Py in Definition 2.1 reduces to the
Dirichlet multinomial process, which indeed admits such a hierarchical representation
(Ishwaran & Zarepour, 2000). Though $(" is finite-dimensional, one can give an
alternative and equivalent definition in terms of the infinite-dimensional counterpart
]5(00) ~ PY(0,c; P). Indeed, for any finite and measurable partition By,..., B4 of © the
vector {p{®(B1),...,p®)(Bg_1)} identifies a probability distribution on the simplex
known as ratio-stable (Carlton, 2002), so that

B (B1),...,5°) (Ba_1)} ~ Rs{0, ¢; P(B1), ..., P(Ba)},

where we agree that p(B;) = 0 almost surely if P(B;) =0, foranyi=1,...,d. Moment
formulae for ratio-stable laws can be found in Carlton (2002). Unsurprisingly, the weights
of a Pitman—Yor multinomial process follow a ratio-stable distribution, as summarized in

the following proposition, whose proof is straightforward.

(H)

Proposition 2.1. A Pitman—Yor multinomial process p'"™ ~ pYM(0, c; P) admits the following

marginal representation

H .
pH 4 Znhééh, (71, ..., mMH_1) ~Rs(o,¢c; 1/H,...,1/H), 0, idp. (2.2)
h=1

The density function of the weights (7, ..., 7H_1) is generally not available in closed
form, besides some special cases. When o = 0, corresponding to the Dirichlet multinomial
process, the distribution of the weights is that of a symmetric Dirichlet distribution with
parameters (c/H,...,c/H). When o = 1/2 the density function is available in closed form,
and it was firstly obtained by Carlton (2002). The lack of a closed form expression of the
density function is not a concern for Bayesian inference, since a ratio-stable distribution
can be sampled for any admissible value of o and c both a priori and a posteriori, as
detailed henceforth. The proposed algorithm will arise from a hierarchical representation
of ratio-stable distributions in terms of tempered-stable and gamma random variables,

which can be easily simulated. To this end, we briefly recall that a positive random
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variable ] is tempered-stable if for some ¢ > 0, o € (0,1) and k > 0, its Laplace transform is
E(e™) = exp [—c{(A +«)? — kY], A >0,

and we shall use the notation | ~ Ts(c, 0, k). Note that such a random variable can be
efficiently sampled, for instance by means of the algorithm of Ridout (2009). When
o = 1/2, the random variable | ~ Ts(1/H, 1/2, k) has inverse Gaussian distribution, while
setting k = 0 leads to the positive-stable distribution. The main result we will rely on for
computational purposes is the following.

Proposition 2.2. Let p") ~ pym(o, c; P) with o € (0,1) and ¢ > 0. Then the weights of p'H)
in (2.2) admit the representation (1, ..., Ty) d (]1/2}]3:] Jwoeos JH/ ZE:] Jn) and

Jn W) < 1s(1/H,0,U), U ~ca(c/a,1),

where we agree that U = 0 almost surely if c = 0.

Although the above hierarchical representation holds only for ¢ > 0, one can make it
fully general through the following argument. For any c one can conveniently represent
the distribution of weights in Proposition 2.1 as

(7, ) SW(C, .., i)+ (1= W) (e, .7,

where the random variable W ~ BETA(1 — 0, ¢ + 0), and the random vectors ((j,...,C(H) ~
muLtiNom(1/H,...,1/H) and (7],...,7_;) ~ Rs(o,c+0;1/H,...,1/H) are mutually
independent. See Carlton (2002). Since c + o is positive, the simulation of (7, ..., )
can be addressed by means of Proposition 2.2 and this allows sampling of (my, ..., )
for any ¢ > —o.

Remark 2.1. The simulation of each ], in Proposition 2.2 might be the source of
numerical issues, for values of o close to 0. This occurs because the distribution
of U, then, places mass on very large values that might cause overflows. However,
such a problem can be easily circumvented by considering the rescaled random
variables J, = Jn/{(0/c)"/°} whose distribution is (J, | U) ~ 15{c/(cH), o, U} with
U° ~ ca(c/o,c/0). This leads to more stable algorithms because E(U°) = 1. The

rescaling constant cancels in the normalization and therefore one has equivalently that
d 7 H § T H §
(701, m) = 1/ 2zt Jno oo T/ 2oz i)
The hierarchical representation of Proposition 2.2 is a useful practical tool for

simulating ratio-stable random vectors. However, a further and extremely useful

characterization of the random variables Jy, ..., Ji is available. Specifically, we show that
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the law of Jj, ..., Ji can be obtained via polynomial tilting of a collection of independent
and identically distributed positive-stable random variables. Such a construction is
reminiscent of the change of measure formula given in Pitman & Yor (1997), for the
infinite-dimensional case. The connection is of great theoretical importance for the

derivation of posterior quantities, as detailed in the Appendix.

Proposition 2.3. Let p") ~ pym(o, c; P) with o € (0,1) and ¢ > —o. Then the vector of jumps
(J1,- .., n) identifying the weights of ") in Proposition 2.2 is such that

Mc+1) R a o
{exp( ZM]h)} —c/G—H (Z Iy ) exp (—};Ahﬁl)) ,
forany Ny, ..., Ay > 0, where ]&7) iid 1s(1/H, 0,0).

2.3 Distributional properties

The Pitman-Yor multinomial process is almost surely dlscrete This implies that a sample
of n random elements (01,...,0, | p ) p ) with p ~ pYM(o, c; P), will display
ties with positive probability. If K, 4 = k < min{n, H} is the number of distinct values,
say 07,...,0¢ in @ = (061,...,0,), we let ny,...,ny denote their respective frequencies,
so that Z] 1y = n. This induces a random partition ¥;, y of [n] = {1,...,n} into k sets
Cy,...,Cy such that i and j are in the same set when 0; = 0;. The probablhty distribution
of such a random partition is the so-called exchangeable partition probability function, which
is defined by

Mh(ny, ..., ) =PWnu=1{Cy,...,CH= Y E Hn :
i Fy j=1

where the vector (ny,...,ny) of positive integers is such that n; = 4C; and Z}; n=n
and the sum runs over all the positive and distinct integers (iy,...,1i) in{1,...,H}. As
discussed in Pitman (1996), when P is diffuse the exchangeable partition probability
function characterizes the underlying random probability measure and yields, as a
by-product, the system of predictive distributions. We briefly recall these in the infinite-
dimensional case, namely when (¢1,..., ¢n | plooy id p(*) with p{*) ~ py(0,c; P) and P

is diffuse. The exchangeable partition probability function is

_H] 1 C+]0' ﬁ

C I ] - G TL)—1/ (23)

j=1
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where (a), =ala+1)---(a+n—1) for any real a and integer n > 1 is the ascending
factorial, with (a)o = 1. Moreover, if one conditions on ¢ = (¢1,..., dn) featuring k

distinct values ¢7, ..., ¢y, the predictive distribution of ¢ is

k

P(gna1 € A1 6) = SETPA)+ 3 (my— 0)8gs (A) (2.4)

The following result provides the finite-dimensional counterpart to (2.3) and is expressed
in terms of the generalized factorial coefficients (Charalambides, 2002), defined as

k
Cg Tl k 0' 1' Z ( > )n- (25)

j=
Henceforth, we shall further assume that P is diffuse and o € (0,1), so that the

well-known Dirichlet case might be obtained by taking the limit as o — 0.

Theorem 2.1. The exchangeable partition probability function induced by a Pitman—Yor
multinomial process pH) ~ pym(o,c; P) is

My(ng,..., ) =

7

H! 1 M(c/o+€) v €y, 4; 0)
(H—k)!(c—l—])n_]ZO‘F(C/O‘-I-]))lj][ HY

where the sum runs over all the vectors £ = ({y,...,4) such that {; € {1,...,n;} and || = &; +
o4 Ay

Based on this result, one may determine the system of predictive distributions
corresponding to the Pitman—Yor multinomial process and the related urn-scheme. This
admits a tractable form if one conditions on £ = ({;, ..., {x) that will act as latent variables,

thus simplifying computations. Firstly, it can be easily noted that

k

Pt =1,..., =l |0) < T(c/o+ I ] |
j=1

Cg(“ﬁiw o) ) (2.6)
and this is concentrated on I = (14,..., i) such that l; € {1,...,n;}. These latent random
variables can be interpreted in terms of the multiroom Chinese restaurant metaphor—
as described in Chapter 3 of this thesis—but we do not pursue the discussion here. An
efficient algorithm for sampling independent values from (2.6) is available and presented
in Section 2.4. This is very useful since it enables the Monte Carlo approximation of its
expectation.
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Theorem 2.2. Let (01,...,0, | p'H) id pM) and pM ~ pym(o, c; P). If6 = (01,...,0n)
displays k distinct values 07, ..., 0y with frequencies ny,. .., ny, then

— k — —
B k c+ 4o Tc+lllo ny—Go
P(0n1€A|8) = (1—ﬁ) ( —— )P(AH;(H ot e ) A

(2.7)
having set £ = (4;,...,0) =E(£|0), 8| =4+ -+l and £ = (4,..., ) is the vector of
integer-valued random variables whose distribution is described in (2.6).

The well-known predictive distribution of the Dirichlet multinomial process is
recovered as particular case of Theorem 2.2 after setting o = 0. In this special case, the
predictive law (2.7) does not depend on the conditional expectations of the underlying
latent variables. Moreover, as H — oo one can easily see that E]- — 1 and || — k in
probability. This unsurprisingly implies that, as H increases, the predictive distributions
in (2.4) and (2.7) get closer.

The closed form expression of ITy(ny, ..., ng) in Theorem 2.2 is essential for determin-
ing the probability distribution of K;, , the number of random sets. Beside its theoretical
relevance, the law of K, 1 is often of great importance in applications, e.g. for mixture
modeling or for Bayesian clustering. Compared to the Dirichlet multinomial special case,
the Pitman—Yor multinomial process induces a richer parametrization for K;, , hence
increasing the model flexibility. The Dirichlet multinomial case is recovered as o — 0 in
the following theorem.

Theorem 2.3. If (01,...,0, | p") 5 gpd p™ ~ pym(0, c; P), the probability distribution
of the number of distinct values Ky, y in 6 equals

H! 1 i 1 T(c/o+1)

]P(anH =k = H=K)!'(c+T1)n mm

S LK)E(n, L 0),

for any k < min{H, n}, where .’({,k) = 1/k! Zkzo(—Uk*rk!{ﬂ!(k— Ot is the Stirling
number of the second kind.

The parameter c controls the location of K, 1, while o regulates both the location and
the variability. As suggested by Figure 2.1, the choice o = 0 leads to very informative
prior distributions, implying that the choice of the location parameter c in the Dirichlet
multinomial process is tricky and heavily influences the inferential results. The additional
parameter o of the Pitman—Yor multinomial process allows to circumvent this difficulty,
without the need of a hyperprior distribution on c. To illustrate this phenomenon,
we depict in Figure 2.2 the distribution of K, 1y for different choices of (o, c), keeping

tixed its expectation. As the stable parameter o increases, the law of K, }; becomes less
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Figure 2.1: Distribution of the number of clusters IP(K,, 1y = k) in the Dirichlet case (o = 0), when
n =100, H = 50, and for various choices of the location parameter c.

informative. This is further reflected in a higher degree of flexibility and robustness of
the Pitman—Yor multinomial process compared to the Dirichlet. This will be empirically
confirmed in the convex mixture regression application of Section 2.6. See also De Blasi

et al. (2015) and Canale & Priinster (2017) for further discussions on the robustness issue.

2.4 Posterior distribution and latent variables sampling

The usage of the Pitman—Yor multinomial process in applications is greatly facilitated by
the availability of its posterior distribution. Indeed, the posterior law of a Pitman—Yor
multinomial, conditionally on the set of latent variables (2.6), is available in closed form
and it can be written as a linear combination of Dirichlet and ratio-stable distributions.
Such a representation parallels the quasi-conjugate posterior characterization of the
Pitman-Yor process (Lijoi et al., 2008). When the sample 8 = (01, ..., 0, ) displays k < H
distinct values 07, ..., 0%, we let Ox+1, ..., 0 represent the point masses in ﬁ(H) that are
not included in 6, up to a permutation.

Theorem 2.4. Let (01,...,0, | p™) iid pM and pM) ~ pym(o, ¢; P) with P diffuse. Moreover,
let £ = (&y,...,4) be a collection of random variables having distribution (2.6). Then, the

posterior distribution of p'") conditional on @ and £ is

k H

- d
(p(H) | 6,0) = Z(WJ —l—Wk_HRj)ée]% + Wi Z Rjégj,
=1 =kt 1
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Figure 2.2: Distribution of the number of clusters IP(K,, i = k) in the Pitman—Yor multinomial
case when n = 100, H = 50, and for various choices of (o,c) so that the expected value
E(Ky 1) = 25 is fixed.

where Oy41, ..., Oy are independent and identically distributed from P. Moreover,
(Wq,..., Wi |0,£) ~DIR(Ny —4i0,...,n— o, c+ [£|o),

has Dirichlet distribution and it is independent on (Ry,...,Ry | 8,€) which follows a ratio-stable
distribution with updated parameters

(Ry,...,Ru_116,£) ~rs(o,c+|£lo;1/H,...,1/H).

The ratio-stable distribution appearing in Theorem 2.4 is such that c 4 [£|c > 0 almost
surely for any o and c, implying that the hierarchical representation of (Ry,...,Ry | 8, £)
in terms of tempered-stable random variables, as for Proposition 2.1, can be always
exploited directly. It is easy to check that as 0 — 0 the posterior distribution of the
Dirichlet multinomial is recovered, while also being independent on £.

Therefore, provided that we can simulate independent values from (2.6), we can

(M) without the need of Markov chain Monte

obtain independent posterior samples for p
Carlo. To this end, note that the law of £ in equation (2.6) is discrete with finite
support, meaning that in principle one could directly sample from it. However, standard
strategies are computationally feasible only in very simple cases, because the number
of support points rapidly increases with n and (ny, ..., ny). We address this issue with
a data-augmentation step. Indeed, by expanding over the gamma integral in (2.6), we

recognize that, conditionally on a latent variable V, the discrete random variables £
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become independent and therefore much easier to simulate. Specifically, we have
kv Y
]I)(€1 =l,.. 'Iek =l | O,V) (8 H <ﬁ) (g(nlll)/ G)/
]:

where V is a positive random variable on (0, co) having density, conditional on 8, given
by
kN
p(v) o e Vo] H Z (ﬁ) : € (ny, 4;0).
j=1 §=1

A draw from the above density can be simulated using acceptance-rejection strategies.
We obtained good empirical performance with the classic ratio-of-uniform acceptance-
rejection algorithm applied on the logarithmic scale log V; see e.g. Devroye (1986). We
remark that the generalized factorial coefficients appearing in the above distributions
should not be computed directly from their definition, but exploiting instead the recursive
relationship €(n+1,k; 0) = €(n, k; 0)(n — ko) + 04’ (n, k — 1; o), with initial conditions
€(0,0,0)=1,¢n,0,0)=0forn>0and €(n,k;0) =0 for k > n.

Remark 2.2. For the sake of the exposition, we described the posterior distribution of
the random probability measure $). However, Theorem 2.4 leads, with the obvious
modifications, to the posterior distribution of the random probabilities (71, ..., 71H) under
multinomial sampling. In such a setting, the frequencies n, ..., ny correspond to the k
occupied cells in a multinomial distribution having probability vector (7, ..., my) and
a ratio-stable prior. Then the posterior of (7, ..., my) will coincide with the weights of

5(H)

p'" in Theorem 2.4.

2.5 Weak limit representation of the Pitman—Yor process

In this section we draw a sharp connection between the Pitman—Yor multinomial process
and the infinite-dimensional Pitman—Yor, which is recovered as limiting case when
H — oo. This formal relationship sheds some further light on the interpretation
of (o,c), while motivating the usage of pH) < pym(o,c;P) as an approximation of
the infinite-dimensional process pl®) <~ py(o,c;P). Our next theorem relies on the
notion of weak convergence for random measures; see e.g. Daley & Vere-Jones (2008).
Weak convergence implies convergence in distribution also of continuous and bounded

functionals, hence including finite dimensional distributions.

(H) (H)

~PYM(0o, c; P) and ]5(00) ~ PY(0, c; P). Then the law of the process P
(H)

Theorem 2.5. Let

weakly converges to the law of 5™ as H — co. We will write pH) ¥ p(o),
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Figure 2.3: Distribution of the number of clusters IP(K;, 1y = k) in the Pitman—Yor multinomial
case (upper plot), and in the truncated stick-breaking case (lower plot), when n = 100, H = 50,
and ¢ = 1, for various choices of 0. The distribution of the truncated stick-breaking is obtained
averaging over 10* Monte Carlo simulations.

On the light of the above theorem, one might want to compare the Pitman—Yor
multinomial process with the truncated stick-breaking representation f)EE Jin (1.8), whose
use in mixture modeling has become increasingly popular after the work of Ishwaran
& James (2001). We devote the remaining of this section to qualitative and formal

comparisons between these two weak limit representations.

In first place, it should be acknowledged that the truncated stick-breaking construction
lacks a deep theoretical understanding as one cannot rely on results analogous to the
ones that we have displayed in the previous sections on the Pitman—Yor multinomial
process. Specifically, the exchangeable partition probability function, the associated
predictive schemes and the distribution of the number of clusters are not available in
closed form. Hence, the usage of f)g{ ) as prior law can be motivated only when H is large

), conditional on the data,

enough, so that one can consider sampled trajectories of f)g{
as reasonable approximations of the realizations of the posterior infinite-dimensional
process. In contrast, the Pitman—Yor multinomial can be studied and used even for small

values of H, regardless its closeness to the limit case.

In terms of quality of the approximation, there is rather striking argument in favor

of the Pitman—Yor multinomial process. It is well-known that the truncation level H



Chapter 2. On a finite-dimensional Pitman—Yor process 27

required to be reasonably close to p(*) might be exceptionally large, especially when
the stable parameter o approaches 1. In practice, one would typically choose the largest

truncation level H which maintains computations feasible. However, this might lead

to very poor approximations of the infinite process if the truncated stick-breaking f)g1 )

were employed. As an illustration, consider the following example: suppose we are
given a sample of n = 100 observations and a conservative truncation level H = 50 is
selected. Then, one might expect that a higher value of o implies on average an increased
number of clusters, paralleling the behavior of the Pitman—Yor process. Unfortunately,
this is not the case when the truncated stick-breaking prior is employed, as shown in
Figure 2.3. Indeed, the distribution of K, 1 increases at first but then decreases as a
function of o and a similar mechanism would hold also for the parameter c. Broadly
speaking, this occurs because of the stick-breaking truncation: large values of either o

) )

or ¢ push, on average, the mass of f),g{ towards the last atom, eventually making f)gf

collapse to a single random mass. This is a strongly undesirable behavior which has
no modeling justification, and furthermore it undermines one of the most appealing
property of the Pitman-Yor, namely the ability of controlling the variability of the cluster
distribution. On the other hand, the Pitman—Yor multinomial process preserves the
peculiar characteristics of the Pitman—Yor process, as shown in Figure 2.3, while still
being computationally tractable.

(H) )

We now conduct a formal comparison between p'"™ and 1381 within the context of
mixture modeling. If the data (Y7,...,Yn | f)(oo)) id f@ K(y; e)ﬁ(oo)(de) as in (1.7), then

the corresponding marginal density is

n

m(®)(v) :IE{HJ

K(Yy; B)ﬁ(“)(de)} , (2.8)
=170

where Y = (Yj,...,Yn) and the expected value is taken with respect to the prior law

H H)

of pl™), Similarly, we define the marginal densities mH) and m,Er as in (2.8), having

replaced $!®) with the approximations p") and f)ﬂi ) respectively. Upper-bounds of the
total variation distance between these marginal densities were obtained by Ishwaran &
James (2001) in the truncated Pitman—Yor case and Ishwaran & Zarepour (2000, 2002) in

the Dirichlet multinomial case. When o = 0, the the total variation distance between m(®°)

and mEF ) vanishes exponentially fast. On the basis of this result Ishwaran & Zarepour
(H)

(2000) argued that the truncated stick-breaking representation p,,

(H)

might constitute
a better approximation than p'"™ in the Dirichlet case. However, the aforementioned
exponential decay does not occur for general values of o and furthermore the quality of
the truncated stick-breaking approximation deteriorates as o increases. These aspects are

clarified in the following proposition.
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Proposition 2.4. Let m!®), m") and mg{ ) be the marginal densities defined in (2.8). If 0 €
(0,1) and P is diffuse then

n
d {m(H) m(oo)}<2 1— 1—& — OH ), H = co.
TV tr 7/ X ( +%_)H_] 7

If W v and Wy, o are the random partitions associated to pH) and ple) respectively, then

ale(gle

1
drv {m(H)/ m(oo)} < dTV(Wn,H/Wn,w) =0 <_) , H— oo

H

The total variation distance dyy(Wn 1, ¥n,c0) can be obtained explicitly, although the
actual computation could be cumbersome, since it requires the summation over the space
of the partitions of [n]. We remark that the proportionality constants relative to the above
convergence rates are known and they are reported in the Appendix; they are omitted
for the sake of the exposition.

The convergence rates of Proposition 2.4 provide some guidance about the advantages
of both the approximations. When o > 1/2 the convergence rate of drv(¥nH, ¥n,c0)
is linear regardless the value of 0. In contrast, the upper-bound in the truncated
stick-breaking case displays slower converge rates as o increases, and it is not anymore
exponential when o > 0. This fact, together with the qualitative findings illustrated in
Figure 2.3, suggests that the Pitman—Yor multinomial prior might be preferable especially
when o is large. When o < 1/2 the truncated stick-breaking approximation might
behave better than the Pitman—Yor multinomial in terms of convergence rates, but the
unappealing behavior of f)EF ) highlighted in Figure 2.3 might still occur.

2.6 Simulation study

The additional flexibility provided by the Pitman—Yor multinomial prior is empirically
illustrated on a simulated dataset. To ease our discussion, we focus on a simplified
version of the model in equations (1.9) and (1.10), which arises when the transition
function f(x) = 0 is set to zero almost surely for any x > 0. Therefore, in this Section
we shall assume that observations Y7, ..., Yy, are conditionally independent realizations

from a mixture model
id H
11 ~
Vi, Ya 1) S ) mK(y; 6n),
h=1

where the random weights and the random locations have Pitman—Yor multinomial

distribution. The simulated dataset consists on an independent sample of n = 300
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observations from a mixture of Gaussians. Specifically, the data generating process is

%N(y; —2,0.2%) + %N(y; —1,0.2%) + %N(y; 0,0.2%) + %N(y; 1,0.2%) + %N(y ;2,0.2%),
where N(y; 1, 0%) denotes the density function of a Gaussian distribution with mean p
and variance o2. The true number of mixture components is 5 and we would like to infer
it from the data. This is a classical problem in Bayesian mixture modeling, which was
addressed for instance in Richardson & Green (1997) by placing a prior distribution on H.
In contrast, we rely on the approach advocated by Malsiner-Walli et al. (2016), which has
foundations on the asymptotic results of Rousseau & Mengersen (2011). In such a setting
H is assumed to be large enough, meaning that it should be interpreted as an upper
bound for the true number of components. The optimal number of clusters is inferred by
inspecting the posterior distribution of K, y, the random number of distinct values. While
such an approach is appealing because of its simplicity, in the Dirichlet multinomial case
the results may depend on the choice of the parameter c, as discussed for instance by
Ishwaran & Zarepour (2000). The Pitman-Yor multinomial prior addresses this difficulty
and allows for a more robust specification without the need of a hyperprior for c. This is
achieved by simply enlarging the prior variability of K;, 1, which is indeed quite low in
the Dirichlet case. The simulation study we conduct serves as an empirical confirmation

of this aspect, which was theoretically investigated a priori in Section 2.3.

We let the kernel function X(y;0) to be a Gaussian density having mean p and
variance 02, with 0 = (i, 0?). We choose conditionally conjugate priors for the atoms
Oy, = (011, 01) forh=1,...,H, and in particular we assume independent gamma priors
for the precisions éz_rl id GA(ag, bg) and independent Gaussian priors for the locations
011, ...,071, with mean 1, and variance Gﬁ. We set the hyperparameters consistently
with the data generating process to make the prior distributions centered on the true
values but still relatively vague. More precisely, we set n, = 0 and Gﬁ = 1000, whereas

we let a; = 2.5 and by = 0.1.

We let H = 20, a fairly conservative upper bound for the true number of mixture
components, which is 5 in our simulation study. We consider four different prior
specifications for the ratio-stable parameters o and ¢, as summarized in Table 2.1. In
two of these scenarios, the stable parameter o is set to 0, corresponding to the Dirichlet
multinomial, which we aim at comparing with the Pitman—Yor prior. As evidenced in
Table 2.1, two hyperparameters settings are well calibrated, in the sense that the expected
values of the number of clusters K, j are both close to 5 a priori. Under these calibrated
choices, we expect that the model is able to correctly recover the correct number of

clusters a posteriori. However, in real applications one does not know the true number
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Figure 2.4: Prior and posterior distributions of the number of clusters IP(K,, 4 = k) corresponding
to the four scenarios described in Table 2.1. The a posteriori distributions are obtained averaging
over 5000 Markov chain Monte Carlo samples.

Calibrated pm Calibrated pym Miscalibrated pm Miscalibrated rym

c 1 -0.18 20 -0.02
o 0 0.40 0 0.80
E(KnnH) 5.42 5.42 18.81 18.81

Table 2.1: Hyperparameter settings for the simulation study. DM denotes the Dirichlet
multinomial.

of components and therefore she might inadvertently adopt a miscalibrated prior for the
data at hand. This scenario is mimicked by considering hyperparameters that lead to a
priori expectations for K, 1 close to the upper bound, leading to an “overfitted” mixture
model.

Posterior samples for K, 1 in each scenario can be obtained via Markov chain Monte
Carlo through classical Gibbs sampling schemes for finite mixture models, and leveraging
Theorem 2.4 for the step involving the full-conditional distribution of (7, ..., ). We
run the algorithm for 7000 iterations holding out the first 2000 as burn-in period. From
the results in Figure 2.4 it is evident that both the calibrated choices (Dirichlet and
Pitman-Yor) are able to recover the correct number of clusters, which is unsurprising

given that the prior law was already concentrated around the true value. Conversely,
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in the overfitted scenarios the differences are marked: under the Dirichlet multinomial
specification the distribution of K, jy struggles to deviate from the prior, whereas in
the Pitman—Yor multinomial case the posterior law of K, jj correctly recover the true
number of mixture components. This behavior motivates the usage of the Pitman—Yor
multinomial to robustify mixture modeling, with applications beyond the convex mixture

regression modeling presented in this chapter.

2.7 Convex mixture regression modeling

The Dichlorodiphenyldichloroethylene (DDE) is a persistent metabolite of the pesticide
DDT, and it is measured in the maternal serum during the third trimester of pregnancy.
Although the DDT has been widely used against malaria-transmitting mosquitoes, its
presence has been linked to preterm birth, a major contributor to infant mortality
(Longnecker et al., 2001). Hence, there is strong interest in relating the dose level of
the DDE to the corresponding risk of premature delivery. In Longnecker et al. (2001) the
gestational age at delivery is dichotomized using a 37-week cut-off, following standard
practice in reproductive epidemiology. Although this might simplify the modeling, it
arguably leads to a loss of information (Dunson & Park, 2008; Canale et al., 2018). The
convex mixture regression model outlined in Section 2.1 provides the basis for a flexible
and interpretable method for quantitative risk assessment.

Recall that the observations Y7,...,Yn for n = 2312 represent the gestational ages
at delivery (weeks) and they are independent draws from the mixture model of
equation (1.9) in Chapter 1. The covariate-dependent random probability measure
of equation (1.10) is employed as mixing measure. To improve flexibility and robustness,
we leverage on the Pitman-Yor multinomial specification for two different components
of the model. Specifically, the discrete random probability measure p in the convex
mixture representation (1.10) will follow a Pitman—Yor multinomial and we assume a
ratio-stable distribution for the weights (31,..., m) in equation (1.11). To summarize,
the gestational ages at delivery Y7, ..., Y, are conditionally independent draws from the

mixture density

H

{1—F()} ) mX(y;8n) + F)K(y;000),  x 20, (2.9)
h=1

where 0, ...,0y are independent and identically distributed random variables from P
and where the mixing weights (7, ..., ) are such that

(7-[1/"’/7-[]_[—]) NRS(U,C,']/H,...,]/H),
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Low Variance Dir. Low Variance rs High Variance Dir. High Variance rs

c 1 0 1 0
o o) 0.3 0 0.3
cp 20 1.1 2 -0.7
op 0 0.9 0 0.9
sd(Bm) 0.07 0.07 0.17 0.17

Table 2.2: Hyperparameter settings for the convex mixture regression model.

for 0 € [0,1) and ¢ > —o. Moreover, recall from equation (1.11) in Chapter 1 that f(x) =
S M | Bun(x)Bm, then we specify

(B1,+--,Bm—1) ~Rrs(0op,ca; 1/M,...,1/M),

with op € [0,1) and cg > —opg. Although several alternatives are available for the shape-
constrained basis functions B1(x), ..., Bm(x), a tractable default choice is the I-splines
basis (Ramsay, 1988), with the knots placed on the empirical quantiles of the DDE. This is
slightly different from the approach of Canale et al. (2018), who consider I-splines with
equally spaced knots. Moreover, we set By(x) = 0 to allow asymptotes in f(x).

Compared to more complex covariate-dependent approaches, the convex mixture
regression model is appealing for quantitative risk assessment because of its intuitive
interpretation. Specifically, when there is no exposure to DDE (x = 0), observations are
drawn from a mixture model directed by f)(H) because f(0) = 0. Conversely, at high
exposure levels (x — 00), observations smoothly shift towards a more adverse health
profile, represented by 0. Such a transition is regulated by the function f(x), which has
an explicit interpretation. Let Fx(y) be the cumulative distribution function associated
to the density in equation (2.9). A common risk assessment measure is the additional
risk function Fy(a) — Fy(a), which is evaluated in some fixed clinical threshold a. Hence,
one can show that f(x) o« Fy(a) — Fy(a), implying that f(x) constitutes a standardized
measure of risk which does not depend on the chosen threshold a. Because of this
property, the transition function f(x) is of great inferential interest.

We estimate the convex mixture regression model under different hyperparameters
settings, which are reported in Table 2.2. Moreover, we let H = M = 10, to parallel the
choices of Canale et al. (2018). Since the true data generating mechanism is unknown,
there is no clear notion of calibrated model. Hence, to emphasize the differences between
Dirichlet and Pitman-Yor priors, we consider two different variability levels for the vector
(B1,...,Bm) appearing in the specification of f(x). The variance of each weight 3., can
be obtained from the formula var(Bn,) = H'(1 —H) (1 — op)/(cg +1); see Carlton
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Figure 2.5: Posterior summaries of the functions f(x) in the four scenarios described in Table 2.2.
The solid lines correspond to the posterior means, whereas the shaded areas denote 95% pointwise
credible intervals.

(2002). In the low variance scenarios, the prior is quite concentrated around its prior

expectation, and vice versa in the high variance ones.

Consistently with Canale et al. (2018), let the kernel function X(y;0) in equation (1.9)
be a Gaussian density having mean p and variance 02, with 0 = (, t). Under this choice,
the prior distributions for each atom 0h = (011,0,,) forh=1,...,H, in equation (2.9)
and for the adverse health profile atom 0, = (014, 020) can be chosen conditionally
conjugate. In first place, we assume independent gamma priors for the precisions
65}1 id GA(ag, bg), independently also on 0,00 ~ GA(ag,bs). Moreover, we specify
independent truncated Gaussian distributions for the locations 011, ...,01y and 074
with mean p,, and variance Gﬁ. The truncations are imposed to met an adversity health

profile property, namely that
éloo<é1h/ h=1,...,H,

almost surely. Broadly speaking, such a constraint enforces large values of the DDE
(x — o0) to be associated on average with a greater risk of premature birth. The extent

of such a risk will be inferred from the data. We set the hyperparameters consistently
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with previous works, so that a; = b = 2 and O‘ﬁ = 10, whereas we set pn, = 39.27, the
arithmetic mean of the observed gestational ages at delivery (weeks).

Markov chain Monte Carlo is required for approximating the posterior distribution
of a convex mixture regression model, and this can be accomplished via Gibbs sampling.
Our algorithm closely resembles the one of Canale et al. (2018), with straightforward
adjustments in the updates of the vectors (my,...,my) and (By,...,Pm), which are
modified according to Theorem 2.4. We run the Gibbs sampling algorithm for 60000
iterations, having discarded the first 10000 samples as burn in period. The estimated
curves f(x), under the four scenarios of Table 2.2, are depicted in Figure 2.5 together
with their credible intervals. In the low variance scenario the Dirichlet multinomial
prior slightly overestimate the function f(x) compared to the other estimates and to the
results in Canale et al. (2018), while also underestimating its variability. Conversely, the
Pitman—-Yor multinomial prior, while having the same variability a priori of the Dirichlet,
it recovers a posteriori essentially the same variability level provided in the high variance
scenarios. This effect is due to the robustness property of the Pitman—Yor multinomial
prior, which was discussed in Section 2.3 and empirically demonstrated in the simulation

study of Section 2.6.

2.8 Appendix

Throughout the Appendix, we will make extensive use of an alternative construction
of the Pitman—Yor process based on completely random measures. Refer to Lijoi &
Priinster (2010) for a review on nonparametric priors using completely random measures
as a unifying concept. Any homogeneous and almost surely finite completely random
measures without fixed points of discontinuity is characterized by the Laplace functional

E {e Jo @Ra0] _ oxp [_J
R

for any f : ® — R, and with p(s)dscP(d0) the Lévy intensity function associated

{ 1— e—sfw)} p(s)dscP(de)} )

+><@

to fi. The o-stable process (Kingman, 1975) is identified by setting ¢ = 1, p(s) =
os~179/T(1 — o), for some o € (0,1), and letting IP; denote its probability distribution.
Let P be another probability measure which is absolutely continuous with respect to

P, and such that
dP; . Mc+1)

dP, Mc/o+1)P

The resulting random measure f{i; with distribution Py, is almost surely discrete

(p) = ~(0). (2.10)

while not completely random. Clearly when ¢ = 0 then fi; = fiso is a o-stable



Chapter 2. On a finite-dimensional Pitman—Yor process 35

completely random measure. Moreover, f)(‘x’) = fig,c/flo,c(®) is a Pitman—Yor process
]5(00) ~PY(0,c; P).

Proofs of Propositions 2.1,2.2 and 2.3

)

Because of the almost sure discreteness of f)(()H , one can equivalently write the Pitman-

Yor multinomial process as

00 H
f)(H) — Z E’hééh = Z ﬂhééh, T = Z &
h=1

h=1 j:p;=0n,

where 0y, are independent and identically distributed draws from P, while ¢y, are,
conditionally on ]5(()H), independent and identically distributed draws from ﬁéH). The

distribution of (7ty,...,mH_1) is obtained after noting that

(7, e | BYD) = UG, ..., M B a)) [y ) ~ RS0, ¢; 1/H, ..., 1/H),

since f)(()H)({éh}) = 1/H for h = 1,...,H. However, this implies that (my,...,mH_1) is
independent on (04,...,0y), thus proving Proposition 2.1. Now assume ¢ € (0,1)
and c > 0. By exploiting the change of measure formula (2.10), we can represent the
Pitman-Yor multinomial process as (f)(H) | f)éH)) = (flg,c/flo,c(©) | ﬁéH)), where the
Laplace functional of (fig | f)(()H)) for any measurable function f: ©® — R, is

N - . Fc+1 - e i -
]E{e [ F(8)fioc(do) |p(H)} _ r(—)lE{uo(@ ¢o—Jo f(0)fis(do) |‘p(H)}

0 (c/o+1) 0
¢ % e —Ufis(©)— v - (H)
— E Ufiq(0) f@ f(x)fic(dx) d
F(C/G—H)L v {e P } u
= e/ JOO u e ™ E {e_f@f(emgu](de) | ~(H)} du
Mc/o+1) ) Po ’

(2.11)
where (af;*) ! ]SéH)) is a completely random measure with tilted Lévy intensity pW(s) =
0/T(1 —0)s~'~%e~% and baseline probability measure ﬁéH), which identifies a general-
ized gamma process, and whose finite-dimensional distribution are tempered-stables

random variables. Hence, we can write

_(H), d J1 JH < (H)
(ﬂ11-~-/7TH—1|u1P0 ):< /A4 |u/p0 )/
STk i Tn

with U® ~ ca(c/0,1) and (Jn | Wp5") = (i’ ({0n)) | Wpg") ~ T8(1/H, 0,U) inde-
pendently and identically distributed for h = 1,..., H, which concludes the proof for
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c > 0. As before, the dependence on ]5(() ) can be dropped because po ({eh}) = 1/H for

h =1,...,H, which implies the independence between Jj, ..., ]} and 01,...,04. Clearly
when ¢ = 0 the Laplace functional of (i, | f)(()H)) is already that of a o-stable completely
random measure, and the result immediately follows. The proof of Proposition 2.3 is a

direct consequence of the first equality in equation (2.11).

Proof of Theorem 2.1

The exchangeable partition probability function by definition is

K
E (H ﬂ?j) ,
=1

where the sum runs over all the vectors (iy,...,1x) of distinct positive integers such that

Mu(ng,.. Z E (Hn ) =

i Fli j=1

i; €{1,...,H}, whereas the second equality is a consequence of the symmetricity of the
law of the weights. Moreover, recalling the change of measure (2.10), the above expected
value con be expressed as

m | A RN ko
<Hﬁ) ]E{]H] (Zhg Jn)™ }r(c/om { U“ (o™ }
= 1 1 = ctn—1_—u®
IMc/o+1) (c+ 1) L u e jIJan,H(u)du

where each V;, 1i(u) is defined, for every m > 1 and u > 0, as follow

CH o -
_ —u%/H /H_ — oM
Vin(u) = {(—1)mau—me v } et /M= ;H ¢ (m, L o)u ™, (2.12)
The last equality may be proved with some combinatorial manipulation; its derivation
entails similar steps as those in the supplementary material of Camerlenghi et al. (2019).
Hence, one has that

H! 1 1
(H=X)!T(c/o+1) (c+ 1)n_1

K
o0
x Y J u o au [ TH Y% (ny, 45 0),
0
¢

=1

My(ng, ..., ) =

where the sum runs over £ = ({y,..., &) for ¢; € {1,...,n;}. The change of variable v =

u? in the above integral yields the desired result.
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Proof of Theorem 2.2

The predictive distribution is easily obtained from the exchangeable partition probability

function, since

P(Oni1 € A|60) < TTy(ny, ..., e, DP(A)+ Y TTy(ny,...,mj+ 1o )8 (A).

The above coefficients can be both expressed as a mixture over £. Let 7,y = H}cj (c+

jo)/(c 4+ 1)n_1, then from Theorem 2.1

H! Tt v €(ny, 45 0)
e 1) = ’ -
ﬂH(TUI , Nk, ) (H—k—])' - H|£|+] E O"ej
Moreover, exploiting the recursive relationship ¢’ (n; + 1,¢;; 0) = € (n;, {j; 0)(n; — {0) +

0¢'(n,4; — 1;0) (Charalambides, 2002), and after some algebraic mampulatlons can
express the term TTyy(ny,...,ny +1,..., ) as follows

k
e €, b o) P € (ny, 4;0)
H k H_1 Z { Hie+ 11 o T e (nj—4o) [ ] oh :

i=1 i=1

Then, by augmenting over the set of random variables ({j, ..., {x) and after normalization,

one obtains

k c+|llo 1c+!£|0 n; — 4o
P (1= E :
(Onir €A16,£) < H) ( c+n ) )+ (H c+n c+n B; (A),

and the desired predictive distribution follows after taking the expectation with respect
to (2.6).

Proof of Theorem 2.3

For any k < min{H, n} the probability of the number of clusters can be expressed in
terms of the exchangeable partition probability function

1 n
P(Kpn = k) =1 E (n 0 )”H(m,---,nk)
.n(k)GAn IVEREPE 123

H! s 1 n k
(H K)! ZGSHS Z Z E(m,...,nk)HCg(nj’eﬁG)'

nKeA, LeAg(n(k) j=1
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(k) (k) _—

where the first sum n'*) € A, runs over all the positive integers n'™ = (ny,...,ny)
such that [n¥| = n, and where £ € A,(n'®)) denotes the sum over all the integers
£=(l,...,4) such that § € {1,...,n} and || = s. Then, by interchanging the order of

the summation and exploiting well-known combinatorial identities, we obtain

P == g i S Y () nk)nsfny

LeAg nMeA, (£)

n

H! Vs
= H ! Z GSHS&”(S k)€ (n,s; 0),
=k

where n(®) € A, (£) denotes the summation over all the integers (nj,...,ny) such that
n; € {§,...,n} and In| = n, whereas £ € A denotes the summation over all the

integers £ such that [¢| = s. Then the result follows after some algebra.

Proof of Theorem 2.4

We first state, without proof, the following technical lemma concerning the posterior
distribution of f)(()H). The proof is based on basic properties of species sampling models

and it is given in the Appendix of Chapter 3.

Lemma 2.1. Let @ = (01,...,0n) be a draw from an exchangeable sequence directed by a

Pitman—Yor multinomial process and let P be diffuse. Then the posterior distribution of ﬁéH) is

(H g] Z@e*—f—Zée ,

j=k+1

(Po

'dz

where Oy.1, . .., On are independent and identically distributed draws from P.

Because of the symmetry of the weights, we can assume without loss of generality
that the distinct values 07, ..., 0} are associated to the first k random weights 7y, ..., m of
pH. Recalling representation (2.10), for any function f : © — R, the Laplace functional

of (figc | ]5(()H)) given the observations is

7

i ) E { e o 00ecd0) T | 510
E (H?:] 7[;11 |T~)o )
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where fig( f® )fio,c(d6). Hence, following the same steps as for Theorem 2.1, the
above Laplace functional may be written as

E {e—ﬂa,c(f) | glﬁéH)} _
_ fgou°+“_1e_% i F(O) 0 o~y T e r{F(0)+1° H] 1 Vi 1{f(67) +u}du
J" uctn—1le—uc H] ]vn] ( )du

where each V;, i(u) is defined as in (2.12). Hence, by augmenting the above Laplace

functional over the set of latent variables £ with distribution function (2.6), we obtain that
E {efllc,c(f) ’ 0/ El fj(()H)} o

¢
S D a LT FSNCERS TUCHEENL Hk fep e
O(J u e H &j=k+1 j e HLj=1 j 1+ du.
0 X u
j=1

Hence, after normalization, the Laplace functional equals

w H k
E {e_a‘”(f) ! O,E,ﬁéH)} = J H E {e }H]E{ —fO5) U5+ )}p(oo)(u)du,
0 .- -
j=k+1 j=1
where pl® (1) = o/T'(c/0+ |£|)uc+‘e“’_1e_ug]l(oloo)(u) is a density function and the

corresponding random variable, say U, is such that U° ~ ca(c/o+[€],1). Hence,
conditionally on U and by marginalizing over f)(()H) as for Lemma 2.1, we get the following

posterior representation for the unormalized Pitman—Yor multinomial process

k H
- d * *
(foc| 6,6 W) =Y (7 +1)0: + > Jidg,, (2.13)

j=1 j=k+1

where 0; are independent and identically distributed random variables from P and in
addition

Ji16,6U) L 1s(1/H,0,U), h=1,...,H,

whereas

(116,6,U) " cam; — o, ),  j=1,...k

Equation (2.13) already leads to a posterior representation of p"). The normalization
and the subsequent marginalization with respect to the random variable U leads to the
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final representation. In first place, set

ko

fj . >
W): K ) o L ]:1,...,](,, Wk-H: - ) ]H -,
Zj/:] I]/ + Zh:1 Ih Zj:] I] + Zh:] Jh

whereas set Ry, = ]}/ Z}}j/ﬁ Ji, for h=1,..., H. Note that the distribution of the vector
od random variables (W, ..., Wy, W, 1) can be represented as follow

fj
k 7
2 jr=1lys

and therefore the vector (Wj,..., W), given 0 and ¢, has Dirichlet distribution and

it is independent on (Rj,...,Ry), on W41 and on U . Indeed, the random variable

(W](]—Wk+]),...,Wk(]—Wk+]),Wk+]), m: j:]/'--/k/

U cancels almost surely in the ratio [;/ Z}ﬁ:] I, whereas the independence on Wi 4
is a consequence of the independence of the Dirichlet distribution with its own total
mass Z}L] Ij;. Because of Proposition 2.1, we recognize that (Ry,..., Ry | 8, £) follows
a ratio-stable distribution. We now prove that, given 6 and ¢, the random vector
(Ry,...,Ry) is independent on W1, which in turns is shown to be beta distributed.

Let p(s1,...,sH,,u) be the density function associated to the random variables
7, - T, ZL] [; and U, respectively, given the observations 6 and the latent variables
£. Representation (2.13) implies that such a density factorizes as

H
P, s tw) = p Wpu () [T pt (sn),

h=1

where p(®)(u) is defined as before, where py(t) is the density of a gamma random
variable, and where each p&o] (sn) represents the density of a tempered stable distribution.
Now consider the change of variable v, = sp/(s1+---+spy) for h = 1,..., H—-1,
s=s81+--+sy, w=(s1+--+sy)/{t+(s1+---+sn)} and u = u. The resulting

density is given by

H
p(r1, ..o, s, wou) = stw2p ) Wpuls(1 —wiw T o (sm),
h=1

1— n—|€o—1 B - H
L] Sn+Hf\£\64( w) e ulstI=wwTlu le(f)(srh),

x wn—l€lo+1

heT
H
pl(sth),
he1

L e (1 =w n—£o—1
un+c 1e us/anJrH |8|lo 1( )

o wn—llo+T
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where 1y = 1 —(r1 + -+ 1H_1) and where it has been exploited the relationship

pl (sry) = ev/M

stable distribution. Then, the integration over u and s leads to p(ry,...,TH_1, W) =

e’”srhp(‘ﬂ(srh), with p(g)(srh) denoting the density of a positive

fgo fgop(r1/---,T‘H_1,S,W,u)duds and

(11, - T W) o weHEAT (] _W)nKU]J He[€lo—c— ]Hp (sr)d
0

This concludes the proof since (W11 | 6, £) ~ BETA(c + |€|o, n —|€|o) and it is independent
on (Ry,..., Ry 16,8).

Proof of Theorem 2.5

The proof relies on the convergence of the exchangeable partition probability function in
Theorem 2.1 to that of the Pitman—Yor process, which can be easily checked. Indeed, for
any collection of measurable subsets Ay, ..., A, of © it holds

P(61 € Ay, ..., 00 € Ay) = ZHH(m,...,nk) [ TP(Nicc,AD)

k
= Y Moo, ) [ [P(Nicc,A)) =P(d1 € Ay,...,dn € An), H— oo,
v j=1

with (0n)n>1 and ($n)n>1 being two exchangeable sequences directed by py and P,
respectively, and where the sum runs over the space of partitions with ¥ = {Cy, ..., Cx}.

Using de Finetti representation theorem, the latter is equivalent to

E{HﬁH(Ai)} %E{Hﬁm(Ai)}, H — oo.
i=1 i=1

Since the above convergence holds for any collection of sets Ay,..., Ay and any n > 1,

we can write equivalently
[IpnB)Y ¢ = ES ] [Po(B)™ 3,  H— oo, (2.14)

for any measurable collection By, ...,Byx. The random vector {P(B1),..., Poc(Bx)} is
positive and bounded, thus being fully determined by its cross-moments. Hence, the

vector version of Theorem 30.2 in Billingsley (1995) ensures that convergence of the
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cross-moments (2.14) implies the convergence in distribution, namely

PIB1, . PV BY = (3 (B1), ..., B (BY)), H = oo,

in the sense of weak convergence. The weak convergence of the whole process is then
guaranteed by Theorem 11.1.VII in Daley & Vere-Jones (2008).

Proof of Proposition 2.4

From Theorem 1 and Theorem 2 in Ishwaran & James (2001) it follows that

(H) (% + 1)H 1 b
dTV{mtr ,m(oo)}gz 1— ]_C—1_ .
(6+5)ua
We will say that two sequences of real numbers (an)n>1 and (by)n>71 are asymptotically
equivalent, written a;, ~ by, if limy_,, an /by = 1. The order of convergence stated in

Proposition 2.4 is a direct consequence of the standard properties of the Gamma function.
Indeed, note that

(G+Dus T
6+ T
from which it follows that
¢ 11 n c4 1
2 [1 _ {1 _ %} ] ~ anli(c—:?))H;“ —OMH ), H— oo
o " o/H-1

Moreover, following the same steps as for Theorem 4 in Ishwaran & Zarepour (2002) we

get
drv {m(H)/ m(oo)} < dTv(Wn,H/Wn,oo)

1
< E% Ty, .o, y) = Teo (g, .0,y

1
< Z%”oo(nh---/nk)

where the sum runs over all the partitions ¥ of [n] with cardinalities ny, ..., ny. From

ﬂH(n]I' . .,le)

1—
Moo (M1, .00, M)

7

the proof of Theorem 2.1 and Theorem 2.2 it follows that

My(ng,...,md T n),ﬁj,c 1
ﬂoo(m,...,nk) H k'ZVkHw' kH 1—G)nj_],
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from which we obtain

k
lim 1|7 — Talme.. ) Ikt ‘f(m"zz; o) 1 ,
%n,k (0) (1 — G)le—]

H—00 Moo (Mg, ..., k)

j=1

since the term not vanishing in the summation over £ are those for which {; +--- 4 {} =
k + 1, meaning that each ¢; = T but one equal to 2, and recalling also that ¢'(n;,1;0) =

o(1— O')n].,]. Hence, one get

k

1 jA € (n;,2;0) 1 1
dTV(\yn,szn,oo) ~ ﬁ ZHOO(TL],. . .,nk) nk+ ) ) : =0 ( > ,

Pk o? (1—o H

=1

which concludes the proof.






Chapter 3

Finite-dimensional normalized random measures

3.1 Summary

The chapter is organized as follows. In Section 3.2 we review some background material
about completely random measures and homogeneous normalized random measures.
In Section 3.3 we define NIDM processes and we discuss several a priori properties, such
as the law of the random partition they induce, and the weak convergence to Nrmis. In
Section 3.4, we discuss generalized urn schemes and posterior characterizations, with a
particular emphasis on the normalized generalized gamma (NGG) multinomial process.
In Section 3.5 we employ the NGG multinomial prior for the analysis of a real dataset,

highlighting practical advantages over existing methods.

3.2 Homogeneous normalized random measures

As discussed in Chapter 1, NIDM processes are closely related to homogeneous NrRMIs,
whose definition is therefore briefly recalled here. To this end, we also recall the definition

of a noteworthy class of random measures.

Let © be a separable and complete metric space and let #(©) be its Borel o-field. We
will denote with Mg the space of boundedly finite measures on {0, #(0)} and with .Zg
the corresponding o-algebra. For technical details on the construction of (Mg, .#g) one
may refer to Daley & Vere-Jones (2008). A random element, say fil>) defined on some
probability space and taking values in (Mg, .#g) such that il®)(By),..., 1l (By) are
mutually independent random variables for any choice of pairwise disjoint By,...,Bq in
2(0), and for any d > 2, is a completely random measure (CRM). As exhaustively discussed
in Kingman (1967), a crkm with no fixed points of discontinuity and no deterministic drift

can be represented as fi(®) = 5 2, g5 ¢, and is characterized by the Laplace functional

45



46 Chapter 3. Finite-dimensional normalized random measures

transform

( —Jo f(® de)) = exp {—J@ i <1 — e_Sf(9)> L(ds, de)} , (3.1)

where f : @ — R is a measurable function such that f® £(0)fil>)(d0) < oo almost surely,
whereas the measure £ on R} x ©, termed Lévy measure, or intensity, characterizes the
CcRM and is such that flR+xA min{1, s}£(ds,dB) < oo for any A € #(0O). In the following,
we consider only homogeneous crRMs, which amounts to having a Lévy intensity of the
form

L(ds,d0) = p(s)ds cP(d6),

where P is a probability measure over {0, #(0)} and c € Ry is a positive constant. We
will use the notation {i{® ~ crm(c, p; P). If one additionally has that f]R+ p(s)ds = oo
then 0 < {i{®)(©) < oo almost surely, and a homogeneous NRMI is defined as

=> (/D)8
h=1

where J = Y 2,y = iil®)(@), the dy’s are iid draws from P, independently also
from the jumps (Jn)n>1. We will write f)(oo) ~ NRMI(c, p; P) to denote such a random
probability measure. Several relevant nonparametric priors are NRMIs and a noteworthy
class, which is the object of investigation in the present chapter, arises when

1 —1—0 ,—Ks

p(s) = F(1——0)S e, (3-2)

whose additional parameters 0 < 0 < 1 and k > 0 are such that at least one of them
is positive (Brix, 1999). The resulting NrRMI is often referred to as normalized generalized
gamma (NGG) process, and it includes some well-known nonparametric priors as special
cases. See Lijoi et al. (2007). For example, if we set 0 = 0 and k = 1 we recover the
Dirichlet process, whereas for 0 = k = % one obtains the normalized inverse—Gaussian
process introduced in Lijoi et al. (2005). Finally, with kK = 0 we get the normalized
o-stable process (Kingman, 1975).

Both NrRM1s and the novel class of NIDM processes are discrete random probability
measures. Thus, as discussed in Chapter 2, when their law identifies the de Finetti
measure of the exchangeable sequence of ©-valued random elements (6)n>1, there
will be ties with positive probability, namely P[6; = 6;/] > 0 for any i # i’. Hence, an
n-sample 6 = (01,...,0,) will display K, = k < n distinct values, say 07, ..., 0y, with
respective frequencies ny,...,ny, so that Z}‘ 1y = n. This amount to saying that 0
induces a random partltlon Wy of m] ={1,...,n}into k sets Cy, ..., Cy such that i € C;
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if and only if 6; = 0;. As discussed in Pitman (1996) and previously in Chapter 2, this
clustering mechanism is regulated by a symmetric function called exchangeable partition

probability function (EPPF), whose definition was given in Chapter 2 and it is recalled here

Mng,..., ) =PWn ={Cy,...,C)= ) E Hn“) : (33)
WA #ix j=1
where the vector ny = (ny,...,ny) of positive integers is such that n; = #C; and

Z}; n; = n and the sum runs over all the positive and distinct integers (iy,..., ).
The ErrrF is an extremely useful tool and it has a simple interpretation: it is the
probability of recording a specific partition induced by 6 into k distinct groups,
each represented by respective distinct values 07, ..., 0y, with vector of corresponding
frequencies n® = (n,...,ny). The availability of the erpF yields, as a by-product,
the system of predictive distributions. Indeed, the conditional probabilities that 6,
displays a new value generated from the diffuse base measure P or coincides with the
previously observed 93“, given 6, are

(K Mmny,...,n, 1) My, ..oy +1,..0,mn)

_ (k) — s
= , w;(n = , =1,...,k.
) ﬂ(n],...,nk) )( ) ﬂ(n]/'--/nk) J

Wo(n

and, hence, for any A € #(0)
P(0,.1 €A |0) = +ZwJ K)80: (A).

For homogeneous NrmMis with diffuse baseline measure P the expression of the ErrF
will be denoted with TT(ny,...,ny), and it is known as it can be expressed in terms of
the underlying parameters (c, p). Indeed, if T, (u) := LR+ sMeus

m > 1, then

p(s)ds, for any integer

c

k k
_ n—1 _—ci(u)
Meo(ny, ..., ng) —r(n) J]R+ u e jI_]l Ty (u) du, (3-4)

where the function P (u) = IR+(1 —e “)p(s)ds is termed Laplace exponent. See, e.g.,
James et al. (2009). In the NGG special case, one finds out that

k

r[OO(n]/- . '/nk) = A//n,k H(1 - O—)lefh
j=1

with (a)n, =ala+1)---(a+n—1), for any real a and integer n > 1, being the ascendmg

factorial, and with (a)y = 1. If we set ¢ = ¢k°/0, and with I'(x; a) = fzo s@Te—sds for
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any a > 0 being the incomplete gamma function, one further knows that

_ eforT i Li/o i
T = Fn) g( : )(—1)c F(k—g,(:). (3-5)

Thus, a NGG random measure is a Gibbs type prior (Gnedin & Pitman, 2005; De Blasi
et al., 2015), and the only one also being a NrMm1 (Lijoi et al., 2008). As a final remark, note
that the parametrization (c, k, o) is redundant, since the above EprF only depends on the

parameter vector (¢, o), meaning that one can fix either c or k without loss of generality.

3.3 Normalized infinitely divisible multinomial processes

In order to define a more flexible class of finite-dimensional priors that overcomes the
limitations of the standard Dirichlet multinomial model, we do rely on a normalization
procedure similar to the one that yields NrRMis. In doing so, we make use of finitely
many jumps whose distribution has Laplace transform available in closed form. For this
reason we make use of random measures with finitely many support points and with

masses having an infinitely divisible distribution.

3.3.1 NIDM processes

The main building block of the new class of processes that we are proposing is a collection
of independent and infinitely divisible random variables. In particular, we will deal with
finite and strictly positive infinitely divisible random variables without drift, say ], whose
probability distribution has Laplace transform that can be expressed as

E (™) = exp{—ch(A)} = exp (—c J]R (1—e™)p(s) ds) : (3.6)

n
for any A > 0 and some positive constant 0 < ¢ < oco. See Sato (1999) for details.
The function 1 (A) is the Laplace exponent, whereas p is any non-negative measurable
function such that f]R+ min{1,s}p(s)ds < oo and LR+ p(s)ds = oo. Note that these
conditions coincide with those involved in the construction of homogeneous NrRMI1s. A

random variable | having Laplace transform (3.6) will be denoted ] ~ 1p(c, p).

Definition 3.1. A measurable function i) defined on some probability space and taking
values in (Mg, .#g) such that

D

=3
B

-

i =3 Jndg,, In (), (3.7)
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where 0 < ¢ < oo, with H < 0o, and where P is a probability measure defined over
{©, #(0)}, is a multinomial random measure with infinitely divisible jumps. We will use

(H)

the notation i'" ~ 1pMm(c, p; P).

It is important to stress that 1IDM’s are not completely random, because the random
variables (") (B,),..., 1" (By) are not mutually independent random variables for any
choice of pairwise disjoint sets Bj,...,Bg in #(0) and for any d > 2. Although this
fact might appear as counter-intuitive at a first glance, it can be understood with the
following example. Let A € #(0©) be such that 0 < P(A) < 1, and note that P(pM(A) =
0) = {1—P(A)}" > 0. On the other hand, P(iM(A) = 0| gM(©\ A) = 0) = 0 since
P(i" (@) > 0) = 1. Hence, independence between i™M(A) and ™ (©\ A) does not
hold true. Nonetheless, the Laplace functional transform of a 1pM is available and equals

E (e*f@ f(e)ﬂ(HJ(de)) _ {L) exp (_% J]R <] _e—sf(6)> p(s)ds) p(de)}H’ (3.8)

where f : @ — R} is any measurable function such that f® £(0)M(do) < oo almost
surely. Now set f(0) = AL (0) with A > 0, A € #(0O) and 1 denoting the indicator
function of A. Then the Laplace transform of g (A) is

E () = [1 - P(A) + PA) eoxp { —S00)}] (9

where 1) is the Laplace exponent defined in (3.6). It is apparent that fi(")(A) equals in

distribution a binomial compound random element, namely
L&
(YA M) £} J;, M ~ sNomaL{H, P(A)),
j=0

where, conditional on M, the random variables J;, ..., Js are iid from 1p(c/H, p) and ]y
is a point mass at zero: this provides an interesting and alternative representation of the
random variable i) (A).

The random measure displayed in Definition 3.1 is the main tool for defining
normalized infinitely divisible multinomial processes. In this respect, the construction is
reminiscent of the normalized infinitely divisible family of distributions in Favaro et al.
(2011), which is based on the normalization of infinitely divisible random variables. If

d . .
Ji = D(ci, p), fori=1,...,d and with ¢; > 0, the random vector

71':(711,...,71(1—1):( g_]]h""’ J;_]]]i>’
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is a normalized infinitely divisible (NID) random vector and will be denoted as © ~
NID(Cy,...,cq;pP). The case c; = 0 is not explicitly considered here, since it would
imply m; = 0 and the distribution of m would degenerate on a lower dimensional

simplex.
Definition 3.2. Let il ~ p™m(c, p; P) as in Definition 3.1. If

p - ]’16~ ’
l i (@) ]; On

where (711,...,7TH) = (]1/2}'?:1 | 1TV ZL Tv), then M) is a normalized infinitely

(H)

divisible multinomial process. We will use the notation p'"* ~ NIDM(c, p; P).

From such a definition, it is apparent that {i(®) ~ 1D(c, p), thus ensuring that the
above normalization is well-defined. As for the probability weights assigned to the
points 01,...,0y, one has

(719,...,TTH_1) ~ NID (E,...,E;p>.
H H

Note that a NIDM process is also a proper species sampling model (1.6) with H < oo,

when P is diffuse. If we set p(s) = s~

e * we recover the Dirichlet multinomial process,
whose weights (77, ..., mH_1) ~ DIRICHLET(c/H, ..., c/H). Henceforth, we plan to use p
as in (3.2) and obtain a novel and tractable class of NIDM processes, which we will term
NGG multinomial process.

It is useful to point out that NIDM processes display a hierarchical structure. Indeed,

it holds
. - _(H _(H 1
(R [ o) ~ crm(c, p;pé ), Pé )= H Z b, /

i
with Oy, < P, then i) ~ iDM(c, p; P). Hence, if we pick pH) = @M /M) (@) one has that
5(H)
P

following hierarchical model

~ NIDM(c, p; P) and in view of the previous remark, it can be described through the

_ _ N B 1
(3" 155") ~nraatle,piPy ), By =15 ) S, (3.10)

In words, any NIDM can be represented as a hierarchical process with a NrRmI having a
discrete baseline measure at the bottom of the hierarchy. Note that when P is diffuse, the
law of ]5(()H) is that of a specific Gibbs type prior, arising when the discount parameter goes

to —oo; see Gnedin & Pitman (2005) for details. Furthermore, this representation relates
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any NIDM process to hierarchical constructions like those presented in the contribution
of Camerlenghi et al. (2018).

In view of (3.10), it is instructive to compare the finite-dimensional distributions of a
NIDM ]5(“) with those of a ﬁ("o) ~ NRMI(c, p; P). In particular, it follows that, for any finite
partition {By,...,Bg4} of © into #(©)-sets, the distribution of {]B(H) (Bq),.. .,ﬁ(H)(Bd_1 )}
can be expressed as a mixture of a NID distribution with multinomial weights, motivating
the NIDM denomination. More precisely,

(PU(B1), . B )| (s a) ~in (5 e T ),
(M4, ..., Mq) ~ MULTINOMIAL [H,{P(B1),...,P(Bg)}l.

On the other hand, since ﬁ(oo](Bi) =Ji/ Z]fi:] J;, where J; = ii(®)(B;) ~ ID(cP(Bj); p), one
has
B (B1),..., 5™ (Ba_1)) ~ NID (cP(B1), ..., cP(Bq); p) .

An application of the strong law of large numbers yields (cfy/H, ..., cg/H) =3

{cP(B1),...,cP(Bg)} as H — oco. This provides a heuristic argument for arguing that
NIDM processes and homogeneous NRMis are closely related when H is large. As it will
be more formally and rigorously discussed in the next section, NIDM processes weakly
converge to the corresponding homogeneous NrRMI as H — oo.

Finally, note that the moments of a NIDM process can be obtained in closed form.
Here we confine the attention to the first two moments, which have simple analytical
forms. Define J(c,p) =c¢ LR+ ue VW, (u)du.

Proposition 3.1. Let pM) ~ N1DM(C, ; P) be a NIDM process. Moreover, let A, A1, A, € %(O)

and set C :== A1 N Ay. Then

E{pM(A)} = P(A),

Var(p™ (A1) = PA - PUA e, o)+ LR,
Cov{p!™ (A1), 5" (A2)} = {P(C) —P(AI)P(Az)}{J(c,p) e }

Unsurprisingly, when H — co the moments of a NIDM process converge to those of a

NRMI, as one would expect from the previous discussion.

3.3.2 Weak convergence of NIDM processes

The previous discussion suggests that, when H is large enough, a NIDM approaches

a nonparametric prior that corresponds to a homogeneous NrRMI. To make this more
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precise, endow Mg with the topology of vague convergence (see e.g. Chap. 4, Kallenberg,
2017) and use the notation ., v, u to identify a sequence (fin)n>1 of boundedly finite
measures on O that vaguely converges to . We will also make use of the concise notation
i(f) = f@ f(0){i(d6). The main result of this Section concerns the convergence of 1DM

random measures to homogeneous crRMs, and it is summarized in the following theorem.
Theorem 3.1. Let i™ ~ o™m(c, p; P) and () ~ crM(c, p; P). Then as H — oo
(1) M) % lee),

(2) E (e*f‘(H)(ﬂ> — E (e*ﬂ(w)(f)> for any positive and measurable function f : © — R
such that [ \{f(0)}P(d6) < co.

Note that the two statement are not equivalent, because the former can be deduced
from the latter, but not viceversa. Note that if f in the above theorem is integrable with
respect to P then the condition f® P{f(0)}P(dO) < oo is satisfied.

Now recall that ') ~ n1DM(c, p; P) and that () ~ NrRMI(c, p; P). An important
implication of Theorem 3.1 is the convergence of the finite-dimensional distributions
of " to those of $(*). Indeed, substituting in Theorem 3.1 the simple function
f(0) = Z{L Ail A, (0), for any collection of sets Ay, ..., Aq € #(0) and positive constants
A1,...,Aq > 0, as a consequence of the continuous mapping theorem one has that

BAD, M AD) -5 B (A, P (AL}, as H - oo,

When working with random probability measures, the convergence of the finite-
dimensional distributions suffices to guarantee the weak convergence of the whole
process, which will be indicated with the W—d> notation; see Kallenberg (Theorem 4.11,
2017).

Corollary 3.1. Let p'") ~ N1DM(c, p; P) and let p'*) ~ NrMi(c, p; P). Then ptH) wd, Pl gs
H — .

The above statement implies the convergence in distribution of general functionals
pH(f) N p(*)(f) as H — oo when f is a continuous and bounded function. In the
Dirichlet multinomial process case, related results were previously obtained in Kingman
(1975), Muliere & Secchi (1996) and Green & Richardson (2001).

Remark 3.1. Although our focus here is on random probability measures, we note that
Theorem 3.1 could be useful also when one needs to approximate any homogeneous crRm
by means of a finite-dimensional 1pM process. This might be the case, for instance, in
Bayesian nonparametric survival analysis where crwMs are used to define mixture hazard

rate functions or cumulative hazards; see e.g. Lijoi & Priinster (2010) for a review.



Chapter 3. Finite-dimensional normalized random measures 53

3.3.3 Random partitions and number of clusters

In this section we study the clustering mechanism underlying a NIDM process that
amounts to determining the EPPF, namely the probability distribution of the induced
exchangeable partition: this will be denoted by TT}; and it is defined through (3.3), with
p being replaced by $"). To be more specific, it will be shown that the EPPF of any NIDM
process is a finite mixture of the partition functions arising in the infinite-dimensional
setting. Before stating the theorem, let us introduce some further quantity of interest.

Define for any m > 1

_c < C
V()= (1) e i) b — S
and set Vo := 1, where {(u) is the Laplace exponent defined as in (3.6). Moreover, for

any vector © € RP, we let [z| = } P | x;.

Theorem 3.2. Let (0n)n>1 be an exchangeable sequence directed by a NIDM process prior with
diffuse baseline P. Then, the associated EPPF when k < min{n, H} is

H! ck K
My(ng, ..., ) = bW TTA,L d

Moreover, if T, is the EPPF of the corresponding homogeneous NRMI in (3.3), one has

k
H! 1 1 n;
ﬂH(nl,---/nk):Hk(H_k)!ZHEkHaZ< )
1 j=1 €

eﬂ,...,ejg).

(3.11)

X ﬂoo(e]],...,e]h,...,ek],...,ek({k),

where the first sum runs over all vectors £ = ({y,...,4) such that & € {1,...,ny}, and the jth of
the k sums runs over e; = (ej1, ..., e)'g].) such that ej, > 1 and with |e;| = n;.

This mixture representation in (3.11) is reminiscent of the one in Camerlenghi et al.
(2018) for hierarchical NrM1s, and indeed NIDM processes can be represented in a hierar-
chical fashion, as for equation (3.10). Hence, peculiar properties of infinite-dimensional
NRrMmIs will be inherited by NIDM processes for any choice of H. Furthermore, Corollary 3.1
suggests that one might get limp_,oo ITH (11, ..., ) = T (Ng, ..., ny), that is, that the
EPPF associated to a NIDM process converges to the one associated to a homogeneous
NRMI. This is indeed the case, and it can shown directly through the representation of
M in (3.4) and by noting that limy_, o0 Ay n(u) = Tim(u) for any u > 0. Working along
these lines, one can identify bounds for the ratio between ITy and T, and these may be

used to assess their closeness.
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Theorem 3.3. For any k < min{n, H} one has

k
H! HH(TU,...,TLk) J Anj,H(u) (00)
< < — u)du,
R0 < T, cccom) < Jo, Ly P70

where pl®) (1) oc un—TecPu H) 1 TnJ 1 (0,00) (1) is a density function.

Note that p(‘x’) (u) is the density function of a latent random variable that is used in
James et al. (2009) to provide posterior characterizations of NrRmi1s. Both bounds converge
to 1 as H — co. As a simple application of Theorem 3.3, one might obtain bounds also
for the predictive distributions, by exploiting their relationship with the err¥. For NGG
multinomial processes and, a fortiori, in the Dirichlet multinomial case, the EPPF and the

related bounds can be computed explicitly. This is illustrated in the following examples.

Example 3.1 (Dirichlet multinomial process). Let the NIDM process be characterized by
the intensity function p(s) = s~ 1e~S. On the basis of Theorem 3.2, one has for any k <

min{n, H}
H!

o1~
]‘[H(n1,...,nk)_ (_H< )

j=1
This erPF can be found, e.g., in Green & Richardson (2001). Note that TTy identifies the
building block of a Gibbs-type prior with o < 0: indeed any such prior would arise from
a mixture of Dirichlet multinomial distributions, with respect to H. See, e.g., De Blasi
et al. (2015). Straight application of Theorem 3.3 yields

k
H! <”H(TL],..., H "‘C/Hn)—].

HE(H—k)! =~ Te(ng,...,m (nj—1)!

j=1
This makes clear that TTy and TTy, are close when either H is large, as it is natural to
expect on the basis of Corollary 3.1, or the total mass parameter c is small. Note that this
is the same bound obtained in the Appendix of Ishwaran & Zarepour (2002) by means of
different techniques, and thus Theorem 3.3 can be seen as a generalization of their result
to NIDM processes. Details on these derivations are given in the Appendix.

Example 3.2 (NGG multinomial process). Let the NIDM process be characterized by the
generalized gamma intensity function p(s) given in (3.2). On the basis of Theorem 3.2,
one has for any k < H

n|£| n]’ej’. G)
My, ...,y = H k ] Z HIKI ol '
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where ¢'(n, k; o) are the generalized factorial coefficients, defined as in equation (2.5) of
Chapter 2, and where 71,  are the coefficients defined in (3.5). Hence, the ErrF of a NGG
multinomial process has a simpler form compared to the general equation (3.11), because
it only depends on the integers {1, ..., {x. This also enables the practical evaluation of
Theorem (3.3), yielding to
v A o—k X Cpss
e R < T ) T
, Z , i 1

ooy

where ¢’ (n;, 1;0) = o(1 — O‘)nj_1. Details on these derivations are given in the Appendix.

The availability of TTy naturally leads one to address the problem of determining
the distribution of the number of partition sets K, 1, that is, the law of the number of
distinct values observed in a sample 8 under a NIDM process prior. As one might expect,
Kn 1 converges to the number of partition sets Ky o, namely the number of distinct
values generated by an exchangeable n-sample from homogeneous NrkMm1, when H — oo.
Another interesting connection between K, iy and K, « is formalized in the following
theorem.

Theorem 3.4. For any k < min{H, n}

B
~

H! 1
P(Knn =k) = HYCH — k) 77 L+ Kk, K)P(Kp,eo = £+ k),
{

I
o

where #(4,k) = & S5 (1) (vl is the Stirling number of the second kind for ¢,k > 0.
Moreover, the expected value of Ky, y is given by

H-1

_ n 1\ Kn,0
E(Ky 1) :H—HE{<;nh) } :H—HIE{(1 —ﬁ) }
From Theorem 3.4 it can be easily seen that P(K,, 4 = k) — P(K;,oc = k) for all k as
H — oo, since .7 (k, k) = 1. Hence, Ky, 1 d, Kn,co- Additionally, we have that [E(Ky 1) —
E(Kn,00) as H — 0o, and the following asymptotic expansion holds

E (K1) 1 (E(Kf ) 1
[ AR :1—— _ _1 — H .
E(Knw)  2H (E(Kn,oo) O\ ) whmee

Thus, the convergence of the expected value to the infinite case occurs at the linear
rate O(1/H). We expanded the above ratio up the the second order, to gain further
understanding about the speed at which E(K,, 1) approaches its limit: broadly speaking,

quick convergence occurs whenever ]E(Kﬁ,oo) ~ [E(Kn 00), which is the case when E (K, )
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is relatively small. On the other hand, one needs a large value of H when trying to
approximate an infinite-dimensional process having a high number of expected clusters
in a sample of size n. This is in line with the discussion of Example 3.1.

The actual evaluation of the probability distribution of K;, 1y in Theorem 3.4 might
be cumbersome due to the presence of the Stirling numbers. Thus, in cases where it is
more convenient to rely on the probability distribution of K, it may be interesting to
provide simple bounds for the ratio IP(K,, 4y = k)/IP(K;, oo = k). This is achieved in the

next Theorem.
Theorem 3.5. For any k < min{H,n —1}

HE_PRyu=k) _ H +1“" €+k P (Koo = L +K)
HEH—K)! S P(Kpoo = k) SHEH—K)! 14 P(Knoo =k [

whereas when k =n = H, it holds P(K, 4y =n)/P (Ko =n) =H "H!/(H—n)!.

Interestingly, the lower bound in the above theorem does not depend on the specific
NIDM process, and actually coincide with the one obtained by Ishwaran & Zarepour
(2002) in the special case of the Dirichlet multinomial N1DM. Instead, the upper bound
can be lower than 1, and therefore it is usually tighter than the one already known for the
Dirichlet prior. Hence, besides being a generalization to all NIDM processes, Theorem 3.5

also yields an improvement over existing bounds.

Example 3.3 (Dirichlet multinomial process, cont’d). A straightforward application of
Theorem 3.4 yields

H!  (=1)k

P =1 = 01 (0

% (n,k;,—c/H), k=1,...,min{H,n}

This simple form is due to the Gibbs-type structure of the Dirichlet multinomial process,
and indeed the above formula might be deduced from Gnedin & Pitman (2005). In
the relevant particular case ¢ = H, that is, when the weights of the NIDM process are
uniformly distributed, the following simplification occurs

- ()(30)

for k =1,...,min{H, n}, a particular instance of hypergeometric distribution. As for the

expected value of K, 1y, for any value of ¢ we have the following simple formula

(c+1—c/H)n

B(Kn) = H— (H=1) 55—

7
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Figure 3.1: Distribution of Ko, with n = 100, under a Dirichlet multinomial process (¢ = 5.87),
and a NGG multinomial process (¢ = 1/2,k = 1,0 = 1/2), for different levels of H € {20, 50, 250, co}.
The distribution is depicted only for the values in the interval [1,40] for graphical reasons.

Example 3.4 (NGG multinomial process, cont’d). Direct application of Theorem 3.4 yields
HI n—k

(GH)F(H—K)l &= H

€ (n,L+k;0)

P(Kpn =k) =

; 7

for any k = 1,...,min{H,n}, since P(Kp = k) = ”//n,kc’k%(n, k; o). Furthermore, the
expected value of K;, i is given by

n ¢
1 Lo
]E(Kn,H) - H - H E (1 - ﬁ) /yn,f(T).
(=1

To illustrate the clustering mechanism, in Figure 3.1 we depicted the distribution
of the random variable Koo under both a Dirichlet multinomial process and a NGG
multinomial process, for different values of H. To make these prior choices comparable,
we have set the hyperparameters c and (¢, o) such that the exepcted number of clusters
for the corresponding infinite-dimensional NrRMmis [E(K1qp ) is the same. As highlighted
in Figure 3.1, the distribution of Kjoo 4 under the NGG multinomial prior is “flatter”,
i.e. less informative, compared to the one induced by Dirichlet multinomial prior, for
any of the values of H being considered. We note that the variance of K, y in the NGG

prior can be tuned through the parameter 0. When o — 0 the Dirichlet multinomial
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Figure 3.2: Exact value (solid lines) and bounds (shaded areas) for the ratio IP(Kypp,250 =
k)/IP(K100,00 = k) under a Dirichlet multinomial process (¢ = 5.87), and a NGG multinomial
process (¢ = 1/2,k = 1,0 = 1/2), for different values of k. The ratio is depicted only for the
values in the interval [1,40] for graphical reasons.

case is recovered and, as such, it identifies a limiting scenario. If H — oo, this effect of o
was extensively discussed in Lijoi et al. (2007) and it comes to no surprise it is reflected
also in the finite H case, in view of Theorem 3.4. More generally, Theorems 3.2-3.4
confirm, altogether, that NIDM processes inherit several structural properties of their
infinite-dimensional counterpart even when H is finite. Nonetheless, we remark that if
one is interested in approximating the infinite-dimensional NrRM1 prior, a relatively large
value of H is typically required. For instance, Figure 3.1 suggests that we should set at
least H = 250 to suitably approximate both the Dirichlet and the NGG processes with
their NIDM counterparts, in this specific setting. Finally, using the same hyperparameter
settings as before, we depict in Figure 3.2 the bounds as for Theorem 3.5, together
with the exact value, when H = 250. Note that the bounds become less informative
essentially in those values Koo 250 = k having negligible probabilities, i.e. in the tails of
the distribution.

3.4 Posterior characterizations

We complete here the picture of the distributional properties of NIDM processes by
determining their posterior distribution. While for prediction the ErrF of Theorem 3.2
might suffice, inference on non-linear functionals of p"), such as quantiles or credible

intervals, relies on the posterior distribution of ") given a sample . To be more precise
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we will refer to a framework where
(01,...,0n | ﬁ(H)) id ﬁ(H), f)(H) ~ NIDM(c, p; P). (3.12)

We will display the predictive distribution for 0,41, given 8 = (01, ...,0,) and will, then,
provide two representations of the posterior distribution of p't) one of which is effectively
described in terms of the the multiroom Chinese restaurant metaphor introduced in
Camerlenghi et al. (2019). While our results are general, particular emphasis is given to
the NGG multinomial process and, despite the lack of conjugacy, we are able to devise
efficient algorithms for exact (iid) sampling of the posterior. In contrast with most
widely known samplers for homogeneous NrRmis, which require truncating certain series

representations, the posterior laws of NIDM processes can be sampled exactly.

3.4.1 Predictive distributions and posterior laws

Since the erPF [T can be evaluated through Theorem 3.2, it is straightforward to compute
the predictive distributions. To this end, for any n > 1 we define a positive random
variable U whose density function on R, conditional on the sample 8, equals

k
pH (W) ocut e T T Ay 1w, (3.13)

The normalizing constant of the above density is finite and it essentially identifies the
EPPF of a NIDM process. The density function p!t)(u) parallels the one, say p(*(u),
of the latent variable appearing in the posterior representation for NRMIs. See James
et al. (2009). Note actually that p(H)( ) converges pointwise to p(*®)(u) as H — oo since
Ann(u) = tm(u) forany m > 1 and u > 0.

Corollary 3.2. Let 01,...,0n be as in (3.12), and such that they admit k distinct values
17+, Oy with 0 having frequency v, then for any A € %(0O)

P(6n 1 €A|0) = +Zw] K)80: (A),

where n'®) =
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This result is reminiscent of the predictive distributions obtained for homogeneous
NRMIs, and indeed similar sampling strategies can be borrowed from that context. For

example, note that conditionally on the latent variable U one has

koA "
PlOn €A 10U o (1= 1 ) cann(p(a) + 3 S s

=1

Anp() 207 A)

Hence, one can devise a generalized Pélya-urn scheme by first drawing U from its density
pM(u) and then sampling from the predictive distribution using the above formula.
The terms A, 4 might be expensive to compute in practice, mainly because of their
combinatorial nature. However, this issue can be attenuated by relying on the recursive
definition of A, 1y provided in James et al. (2006). Furthermore, in the fairly general
NGG multinomial case, the weights A, 1 have an explicit formula, and this allow the
implementation of an exact sampling algorithm for U; see Appendix 3.6.
Remark 3.2. If one is only interested in obtaining an exchangeable draw for 6, a
direct strategy consists in simulating p) and then, conditionally on it, sampling iid
observations from p"), according to (3.12). Indeed, any b random variable whose
Laplace exponent is available in closed form can be sampled, for example through the
general algorithm of Ridout (2009), and this enables the simulation of NIDM processes.
We now provide a posterior characterization for the law of the random measure
(M) given @: the posterior distribution of $"!) can, then, be recovered by normalization.
To ease notation, the posterior law is expressed conditionally on the latent variable U,
whose density is p't)(u). Moreover, when the sample 8 = (01, ...,0,) displays k <H
distinct values 07, ..., 05, we let 6y, ..., 0y represent the point masses in p ) that are

not included in 6, up to a permutation.

Theorem 3.6. Let 01, ..., 0, be as in (3.12) and, conditionally on 8, let U be a random variable
with density pM () as in (3.13). Then

(e, u) £ Z Jj 8, +ZJ)+I )30:, (3.14)
j=k+1

where Oy41, ..., 0 are iid draws from P and

id c . B
Uh|U)n~ ID(ﬁ,p), p*(s) = e Up(s), h=1,...,H.

Finally, the jumps 1y, ..., Iy are independent and nonnegative random variables characterized by

E ( oM

Ap A+ U
>:—"J'H( ) i=1,...%

ATIJ',H(U) ’
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This representation is closely related to the posterior representation for homogeneous
NRMIs, which can be recovered as H — co. Indeed, the first term in (3.14) converges to a
crM with the exponentially tilted Lévy intensity p*, as a consequence of Theorem 3.1.
On the other hand, J; 4 0and E (e™Mi]6,U) = tn;(A\+ W)/, (U) forany j =1,...,k:
hence, the second term on the right-hand-side of (3.14) converges to the fixed jumps
component of the posterior representation of NrRMIs. See James et al. (2009). Interestingly,
a structural property is shared by NrRM1s and NiDMs: conditionally on a latent variable
U the posterior law is a mixture of: (i) a component with a tilted intensity and (ii) a
collection of independent jumps corresponding to the distinct values 07,...,0; in the
sample 6. However, it must be stressed that for NIDMs the tilted component vanishes as
soon as k = H distinct values are recorded in the sample, and the posterior distribution
will coincide with the law of a measure with jumps at fixed locations identified by the

distinct values 07, ..., 0y,

Example 3.5 (Dirichlet multinomial process, cont’d). Note that Ay (A +u) /Ay H(u) =
Tm(A +u)/Tm(u) for any m > 1 and H, implying that the random variables in
Theorem 3.6 have a simple form

(];‘ |6,U) id GAMMA <%,1 + U) , (L; [ 0,U) ind GAMMA (n;, 1+ U),

for j =1,...,H, where we agree that I; = 0 a.s. for any j > k. Then, after normalization

we get
H * k %
d J J -+ I)'
GRRETATIE N ) 55, + Y — 5o,
j=k+1 ZE:] Jp+1n) 7 =1 Z]T:] (Ji +1In)

which can be shown not to depend on the latent variable U. Also, the above weights have
Dirichlet distribution with parameters (ny +c/H,...,ng+c/H,c/H,...,c/H). Finally, it
is easy to check that Corollary 3.2 can be specialized to obtain the well-known predictive

distributions

k
B k c n;+c/H
P01 €A|0) = (1 _ ﬁ) - +nP(A) + ; H—nzse;(A).

Example 3.6 (NGG multinomial process, cont’d). Note that for any m > 1 one has

ik = e\ E(m, 8 o) —mato
Amu(wW) =Y anenlw) =) (57) o (ku) e
(=1 (=1

Moreover, the random variables Jj,...,];; of Theorem 3.6 are conditionally conjugate,

—Usp(s) = r(1]_0)s_1_‘7e_('<+Ll)S identifies an updated generalized

because p*(s) = e
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gamma process. The distribution of each Jj,...,Ji, is known as tempered stable and there
exists several methods for drawing samples from it; see e.g. Ridout (2009) and references
therein. Furthermore, the random variables Iy, ..., I} given U have the following mixture

densities
n;
gnj ,E,H (u)

Anj ,H (u)

forj =1,...,k, where cAMMA(w; a, b) denotes the density function of a gamma random

Py (wlu) = GAMMA (W; nj — {0, K +1u), (3.15)

=1
variable. Finally, some algebra yields

P60, €A |6, U) (1 — %) c(k+U)°P(A)
(3.16)

k )
] o

+]; TECERY) +€Z]

- -

u
(TL)' — 2) 0') 59;< (A)

for any A € #(0).

Remark 3.3. To enable posterior inference through random sampling it suffices to simulate
iid U values from p*)(u) and, then, make use of the above posterior representation.
Although pM(u) is known up to a normalizing constant, we can nonetheless draw
samples by acceptance-rejection algorithms. The simulation of the limiting density
p(oo)(u) was typically addressed via Markov Chain Monte Carlo (Lijoi et al., 2007).
However, this further complication can be avoided in the NGG setting, given the availability
of efficient algorithms for exact sampling, which are discussed in Appendix 3.6 both for
pM(u) and p(*>(u). As such, these algorithms might be useful beyond their application
to NIDMs.

3.4.2 Multiroom Chinese restaurant metaphor

To gain further insights about structural properties of NIDM processes, we now describe
a data-augmentation based on the hierarchical representations (3.10)-(3.11). To this
purpose, it is worth recalling the so-called multiroom Chinese restaurant metaphor coined
by Camerlenghi et al. (2019), which can be adapted to NIDM processes. Suppose that
there exists a restaurant which serves a finite number of dishes H, corresponding to iid
draws from the diffuse P. Each restaurant has infinitely many rooms, and each room
contains infinitely many tables and is associated to a single dish out of the H available
from the menu. The first customer seats in one of the tables of the first room and selects
a dish. The nth customer can either select a dish previously chosen by the other n —1
customers or she can choose a new dish. In the former case, she will be seated in the

room serving the dish of choice and she may be seated either at a new table or at an
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Room 1, associated to the 1st dish.

Room 2, associated to the 2and dish.

Figure 3.3: The multiroom chinese restaurant metaphor: circles represent tables and bullets

represent customers. The number of tables for these two rooms are ({1,{2) = (3,2) so that

€] = €1 +€, = 5. The number of customers eating the first dish (i. e. first room) is

ny = Zf; e1r = 6, while the number of customers eating the second dish (i.e. second room) are
¢

ny = rzz 1€2r = 7.

existing one. If a new dish is chosen, she will sit in a new room and at a new table. An

illustration of this generative scheme is depicted in Figure 3.3.

Recalling the notation used so far, the entries of 8 = (65,...,0,) represent the
dishes eaten by the n customers of the restaurant, whereas the labels identifying the
single tables and their respective frequencies tables are unobservable and, hence, latent
quantities. Specifically, we consider the latent random variables J = (7T7,...,Ty), which
can be thought of as the label of the table where each customer is seated. Recall that k
distinct dishes are served at the restaurant, that is, there are 07, ..., 0y distinct values
having frequencies ny, ..., ny, meaning that the total number of customers seating in
room j or, equivalently, eating dish j, corresponds to the frequency n;. Finally, each
4 € {1,...,ny} represents the number of tables in room j where customers are seated,
while each ej. denotes the number of customers seating at table r in room j, so that
Z}; Z?: 1 &r = Z};] nj; = n. When H — oo, the probability of observing a new table
where the same dish is being served tends to zero, implying that each room will have only
one table: in formula, one has the following convergences {; i> 1foranyj=1,...,k
implying that |¢| I We denote the |£| distinct labels of the tables with j*], ceey, j*ej
having frequencies e;, forr=1,...,¢ and j = 1,..., k. Thus, the joint augmented model
for @ = (01,...,0n) and T = (73,...,Ty) follows immediately from equation (3.11).
Indeed, one has the following

Corollary 3.3. The joint probability distribution of (0, T, ¥y 1), where Wy, v is the partition of
n] induced by 6 through (3.12), is

k 4

) ) HE
Hp(dej)np(der) X {mm”m(enn--,em,---,€k1,---,€kek) : (3.17)
j= =
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The baseline distribution of J is set equal to P for simplicity, but any other diffuse
probability measure would obviously work. Indeed, only the clustering mechanism
implied by the table configuration is relevant to our purposes, and not the actual labels.
Equation (3.17) is hence clear: conditionally on the table configuration induced by T, the
predictive distribution for 6,7 can be easily obtained. In turns, given the previously
observed values 0, the table configuration can be drawn efficiently through a Gibbs
sampler. For the sake of the exposition, we do not attempt the full derivation of these
conditional distributions, but the interest reader may refer to Camerlenghi et al. (2019)

for a detailed discussion, though in a different setting.

Example 3.7 (NGG multinomial process, cont’d). Conditionally on the latent random
variables T, the predictive probabilities can be readily obtained from equation (3.17), so
that

]P(GTH-] €A | OIT) =

k\ Pn 1£]+1 K 1 Vg |€]+1 g €|
(- X ) iy 3 | LIt Tt g | s ().
( H> Yool ; H 7 Ve j

Hence, a relevant simplification occurs when considering NGG multinomial processes.
In particular, the above conditional distribution depends on the table configuration
only through the number of distinct tables {j,...,{ rather than the table-specific
frequencies ej,. This is a major computational advantage, since we only need to sample
k latent variables rather than n, as in general NIDM processes. Moreover, note that the
above conditional law is intimately related to (3.16), having expanded over the table
configuration and marginalizing over the latent variable U.

In the following, we expand the posterior characterization of Theorem 3.6 by
conditioning also on the table configuration. The random variable U, conditionally

on (6,7), is a nonnegative latent variable whose density function is given by

k &
p(oo)(u) oc u Temev(u) H Te;, (W) (3.18)
j=1 r=1

Thus, conditionally also on T, the latent variable U has the same structure of that involved
in the posterior derivation of NrRmi1s. Similar simplifications occurs also for the fixed

jump component, as summarized in the next corollary.

Corollary 3.4. Let 01,...,0, be a draw from an exchangeable sequence directed by p'H) ~
NIDM(c, p; P), with P diffuse, as in (3.12). Moreover, let the conditional distribution of U, given
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(8, T), have density function p'° (u) defined as in (3.18). Then,

/Z
(@™ 1e,7,u) < Z 1169+ZJ] Z Ijr)8: (A),

j=k+1

where Oy41, ..., 0 are iid draws from P, and

id
Ji W < (%ﬁ) , p(s)=ePp(s), h=1,.. H
Moreover, the jumps 1, are independent and nonnegative random variables having density
Pir(s6,T,U) x e SUgCirp(s), r=1,....4, j=1,...k

Hence, conditionally on the table configuration, the posterior structure of p'H) closely
resemble the one of homogeneous NRMIs, for any finite value of H. Specifically, the
distribution of the random variables I;. have the same kernel of those involved in NRwmis.

Example 3.8 (NGG multinomial process, cont’d). Specializing Corollary 3.4 we obtain that

j
(> I:16,7,W) ~camma(nj — o,k +U),  j=1,...%

which depends on T only through the number of tables {;,...,{. Note that this
representation is essentially the augmentation of equation (3 15) with respect to the
number of tables. Note that when o = 0, the posterior law ") becomes independent on

the table configuration.

3.5 The INVALSI dataset

We consider a publicly available dataset gathered by INvALs1, which is an institute for the
assessment of the Italian education system. In particular, the 2016-2017 dataset we are
going to analyze is part of a national examination program conducted in Italy with the
aim of “carrying out periodic and systematic checks on knowledge and skills of students”,
as declared in the official documentation of the INVALsI statistical service’. A great effort
was put by the INVALsI in order to quantify the added-value of a school, based on these data.
The Bayesian framework constitutes a natural choice when trying to combine multiple
sources of information, i.e. the schools. This can be accomplished through hierarchical

nonparametric models, which enable flexible borrowing of information between different

'Such documentation is available, only in Italian, at: https://invalsi-serviziostatistico.cineca.
it
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institutions (see e.g. Dunson, 2010). A broad and systematic socio-demographical analysis
is beyond the aims of this chapter, and we hence limit ourselves in the presentation of

novel modeling strategies based on NIDM priors.

In view of our discussion, we confine the analysis to data related to 8th grade students
from schools in the cities of Padova and Bolzano: more specifically we focus on those
questions related to the comprehension of the Italian language. Having omitted few
observations for which covariates were not available, the resulting dataset comprises a
total of N = 9808 observations (students), belonging to 100 educational institutions. The
INVALSI test is composed by 45 questions and the performance of each student might be
well summarized by the proportions of correct answers. To ease the modeling process
we take a logistic transformation of the original proportions, and we define the score S;;
for the ith student in the jth school as

# of correct answers, ith student jth school + 1 /2)

= logi
Sy 1= logit ( # of questions + 1

and j = 1,...,100, where N; denotes the number of students in the jth school. In the
above ratio, we added a small correction to the original proportions to avoid boundary
issues. Such a transformation maps the original scores into IR, and therefore it is more
amenable for classical linear modeling with Gaussian errors. Consistent with this, we
model the scores as follows
Sij =i+ wiT]ﬂ + €ij, €ij id N(0, 02),

fori=1,...,Njandj =1,...,100, where xy; = (1, xy1,...,Xijp)T is a vector of student-
specific covariates which are associated to a p + 1 dimensional vector of regression
coefficients 3 = (B, B1,..., Bp)T. Each vector x;; encodes student-specific categorical
variables, namely: the gender of the student, the education level of her/his father
and mother (primary school, secondary school, etc.), the employment typology of
her/his father and mother, the regularity of the student (i.e. regular, in late, etc.), and
the citizenship (italian, first generation immigrant, etc.). Moreover, the coefficients
11, ..., Hoo represents the school effects or, in the terminology used so far, the added-value
of the school given a set of covariates, thus being the main quantity of interest in our
analysis. Note that since the intercept term is included in x;j, then the coefficients
11,..., oo are not identified. In practice, this is not a concern if inference is based on the
“centred” set of parameters 3 + Uy forj =1,...,100, rather than the original random
effects.

We aim at introducing a flexible “nonparametric” prior, for the school effects

1i,..., 100, that allows for: i) borrowing information across schools; ii) arbitrary
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deviations from Gaussianity, and iii) robustness under model misspecifications. Gaussian

mixture models are able to capture all these three aspects and we specifically let

H
»
(1,00 | PSP, P=) mN(fy, 07), (3.19)
=1

forj =1,...,100. Selecting the appropriate number of mixture components H is typically
a difficult task, and the Bic index — customarily employed in this framework — is not
theoretically well justified here. Hence, overfitted mixture models can be exploited to
circumvent this issue. In particular, the Dirichlet multinomial process has found great
applicability as mixing measure, see e.g. Durante et al. (2017) and Rigon et al. (2019) for
some recent contributions. Here we propose the usage of general NIDM processes, which
amounts to have the following prior specification for the parameters in (3.19)

(7%, .., T_1) ~ NID (%%p) (i, 62) P h=1,.. H
where P is a diffuse probability measure on R x R... By enlarging the class of priors from
the Dirichlet multinomial to general NIDM multinomial processes we are essentially acting
on the robustness requirement, that is, we are ensuring that the clustering mechanism is
less affected by specific choices of the total mass parameter ¢, whose specification is often
critical (Malsiner-Walli et al., 2016). Although one might alternative mitigate this issue
by placing a prior distribution on ¢, this is arguably a more convoluted solution. Indeed,
the resulting prior would be much harder to study analytically: for instance the posterior
law would not be available in closed form. Hence, albeit simple, such a specification has
been missing a solid theoretical background and has mostly turned out to be a sort of
“black-box” prior. Additionally, from a more practical perspective the employment of
NGG priors enables exact sampling of the posterior distribution. In contrast, a Dirichlet
multinomial process with a prior on c usually requires a Metropolis step in the posterior

computation (Ishwaran & Zarepour, 2000).

For this specific application, we employed in (3.19) a NGG multinomial process having
jump measure (3.2). We set the hyperparameters equal to c = 0.1,k = 0.1 and 0 = 0.7,
and we selected a very conservative upper bound for the number of mixture components
H = 50. The a priori effect of these values on the number of cluster K, 1 is depicted in
Figure 3.4, where it is compared with the distribution induced by a Dirichlet multinomial
process (¢ = 11) having roughly the same expected value E(K; 1) ~ 20. As evidenced
by Figure 3.4, the parameter o plays a crucial role in controlling the variability of K, 1.
Hence, one can obtain flat specifications for K;, i, which leads to more robust inference

on the cluster configurations. Such an effect persists a posteriori, as we shall discuss later
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Figure 3.4: A priori and a posteriori distribution of the number of cluster K, jj in the INVALSI
application, under a Dirichlet multinomial prior (c = 11) and a NGG multinomial process prior
(c =01,k =0.1,0 = 0.7), with H = 50. The comparison is limited to the interval [1,40] for
graphical reasons.

on. As for the choice of P, we assume the conditionally conjugate prior

id id
in ~ N(O,08), 5,7 % calag,bs),  h=1,... H

where we set Gé =4 and ags = 1.5, bs = 0.05. To conclude our Bayesian formulation we

consider a multivariate Gaussian prior for the regression coefficients 38, and an inverse

gamma prior for the residual variance ¢, and we let
B~N(ug, X5), o *~camMMa(ag, bg),

where we set ug = o and X3 = diag(100,...,100), to incorporate the neutral hypothesis
of no relevant effects and a; = by = 1, which induces a fairly non-informative prior.

Posterior inference was conducted through a Gibbs sampling, whose details can be
found in Appendix 3.6. For comparison, we also estimated the same model under a
Dirichlet multinomial prior as for Figure 3.4. We run the algorithm for 10’000 iterations
after a burn-in period of 1’000 simulations; the traceplots show no evidence against
convergence and an excellent mixing. Computations were performed on a standard
laptop (MacBook Air with 1,3 GHz Intel Core i5 processor), and they took approximately

5 minutes for both models.
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Figure 3.5: Posterior distribution of the random effects 3¢ + u; for 40 randomly selected schools,
ordered according to the posterior median.

From Figure 3.4, it is apparent that the a posteriori distribution of K, 1 is heavily
influenced by the prior choice. In the Dirichlet multinomial case the number of mixture
components peaks at around 7 and 8, as a consequence of the strongly informative prior
distribution. Conversely, when a more robust NGG prior is used, the data adaptively
select a much smaller number of components, peaking at around 2 mixture components.
Importantly, this implies that if a simple Gaussian random effect model were employed,
the random effects (3o + u; would be overshrunk towards the global mean, potentially
affecting the quality of the analysis. We summarize our findings in Figure 3.5, where we
show the posterior distribution of the 3¢ + u; random effects for 40 randomly selected
schools. It is evident that a certain degree of variability among schools is present and a
posterior summary of each 3¢ + p; might be employed to identify virtuous schools.

3.6 Appendix

Laplace functional of a IDM random measure

In first place, recall that the Laplace functional of a CrRM is available in closed form and
it is given in equation (3.1). The Laplace functional of a 1bMm random measure is then
readily obtained after noting that (@M | 8y,...,0) is a completely random measure
with a purely atomic baseline distribution, placing mass on 01,...,0y. Thus given the
atoms 01, ...,0y the functional f@ f(0)pH(do) = ZE:] Jhf(0n) < oo almost surely, so
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that the following chains of equations hold

_ ﬁ E (exp [%w{f(éh)}b - {J@ exp [—%w{f(e)}} P(do) }H .

The last two equalities follows because the locations 0;,...,0y are iid from P. The
Laplace transform of g (A) readily follows having set f = Al (x), for A >0 and A € ©.
Indeed, simple calculus lead to

J@ exp [—%w{m(e)}] P(d8) = L\ exp [—gwm/\(e)}] P(do)
+ J@\A exp [—%11){7\]1/1\(9)}] P(d6)
=P(A)exp {—%1])(7\)} +1—P(A),

from which follows the Laplace transform in (3.9).

Proof of Proposition 3.1

First, notice that the expected value, as in any species sampling model, is simply equal
to E(p(A)} = ¥} E(m)E{85_(A)} =P(A) X;_, E(m,) = P(A). As an application of
the well-known variance decomposition

Var(p™(A)} = E(Var(p™(A) | ")} + Var(E(p™ (A) | 5.

Let us focus on the second summand on the right-hand side of the above equation, which
is equal to

Var(E(p"(A) | py )} = Var(py (A} = P(A)UH— P(A)}

As for E{Var(p"(A) | ﬁéH) )}, because of Proposition 1 in James et al. (2006) we obtain

E(var(pM(A) |50} = B (A) 1 =Y (AN, p)

_ P(A)1—P(A)) <J(c, o) — L& p)) ,

H
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from which the result follows. As for the covariance, note that Var{p') (A1), pM(A,)} =
P(A){1 — P(A)JE (ZL nﬁ> whereas

H
Cov{p™ (A1), (A2))} ={P(C) — P(A1)P(A,)}E (Z )

h=1

meaning that

H
E (Znﬁ) = (e, p) + L 2e®)

h=1
from which the result follows.

Proof of Theorem 3.1

Recall that the Laplace functional can be written as in Appendix 3.6, so that

£ (e-fo ®5140) — (exp |- 3wt ).

Now note that the expectations of each P (6y) equals

E((f(61))) = J@ D{F(O)}P(dO) < oo,

which is finite by assumption. Hence, as an application of the strong law of large

numbers, we get

—Zw{f )} =5 | GifeIP(e),  H oo,

which implies that ]E( —Jof(0 de)) — ]E( —Jof '(do) > because of bounded
convergence theorem. Given the convergence of the functionals, vague convergence is
implied by Kallenberg (Theorem 4.11, 2017) since the condition f@ P{f(0)}P(dO) < oo is
satisfied if f is a positive, continuous and bounded function.

Proof of Theorem 3.2

The symmetry among the weights implies that

H! ko
”H(n]"”’nk):(H—.k)!]E Hq-(?] .
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Recalling that fi(®) = Z]'L] Jn, then we have

k
_ 1 [ —ui (@) TT 1

JR, i
= L un! ﬁ E (e*uJi’) ﬁIE (e*”JJ' ]].1") du
rn) Jr, 1=kt 1 =1 :

T | ey T 0 ey
= ut e H VM (=)™ e HYMdu
rm) Jr, H

k
1 [ n—1_—cp(u)
rm) Jr, H "

which concludes the proof, since an,H(u) = ﬁAni,H(u). The predictive distributions
of Corollary 3.2 can be obtained exploiting their relationship with the errr and after
some algebraic manipulation. To obtain the alternative representation (3.10), recall the
following equality, whose proof can be found in Camerlenghi et al. (2019), which holds

form > 1

m 11 4
=5l st = (1) g X (0,7 o) ) G20

for £ = 1,...,m, where the sum runs over all the vectors of positive integers e =
(e1,...,e) such that |e| = m. Thus, on the light of (3.20) we can write the EPPF as

k
_ R n—1 —c(u)
Mang, ..., k) = eI J]R+ u*'e anj,H(u)du

H! n
E I I E )
(H k H|£| e' ( ] ej€j>r[oo(e”/°°-/ew]/--'/ek]/'°°/ekek)/

& €]],...,

where the first sum runs over all the vectors £ = ({;, ..., {) such that ¢; € {1,...,n;}, and
the jth of the k sums runs over all the vectors e; = (ejy, ..., ejg].) such that ¢;; > 1 and
|€j’ = Tl)'.

Proof of Theorem 3.3

Let us consider the ratio among the two ErrFs, which is equal for any k < H to

Many,...m)  HE o g w e P TTE A n(wdu
Moo (Mg, ..., nyk) H*(H — k)! J‘R+un—1e c(u )H};] Tn]-( w)du
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The result follows after noting that the ratio < 1, and also

H!
HK(H—K)!

Jr, w e T 1, (w)du

The latter inequality can be easily obtained from (3.20), from which is clear that A, (1) =
Tm(u) + fim(u), where fr,(u) is a positive function, implying that A, y(u) > tm(u) for

any m > 1 and u > 0.

Proof of Theorem 3.4

The starting point of this proof is based on Corollary 2 in Camerlenghi et al. (2018), from
which one can show that

P(Knn=k) =) P(Kneo =sP(Keo=k), (3.21)

where K;, o, and K, 1y are defined as before, while K, o for any n > 1 is the number of
distinct values from a sample of n exchangeable observations having prior f)(()H). The
distribution IP(K;, o = k) can be deduced from the associated err¥, which is

ﬂO(TL]I'“/nk) = H—n/ k< H,

implying that the distribution of K;, ¢ is given for any k < min{H,n}

1 n H! _
P(Kno=k)== > (m nk>ﬂo(n1,...,nk) = Fogt v,
(n1/"‘lnk) T ’

where the sum runs over all the k-dimensional vectors of positive integers n =
(ny,...,ng) such that [n|] = n. The first part of the theorem then follows after the
change of variable { = s —k in (3.21). As for the second part, note that the expected value

of Ky 1 can be written as

H

E(Kn ) = E{E(Kny | 81, ...,00)} = E {]E(Z]l(éh c{01,...,00) | é1,...,éH>}

h=1

H
:Z]EU —P(8) #0n,...,00 #6061 161,...,01)}
he1

H
=) [ —=E{(1 —m)")] = H—HE{(1 —m)"}.
h=1
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The randomness in these equations is given both by 05,...,0,, and 05, ..., 0y, whereas in
the last step we have used the symmetricity of the weights of a NIDM process. Moreover,

with the same steps as for the proof of Theorem 3.2, one can easily show that
L 1\"1 n
E{(1—m)"} = 1T——=) = I o
-mry=3 ( H) DN GRAN L NCREY)
where the sums runs over e = (ej, ..., e) such that ¢; > 1 and |e| = n, from which the
second part of the Theorem follows.
Proof of Theorem 3.5

Recall that the ratio of interest is given by

P(Kpu=%k  H &1 P(Kn oo = £+ k)
P(Knoo =k)  HFH—k)! %ny(Hk’k) P(Knoo =k)

and therefore the lower bound follows naturally. We will write

H! P(Knpn=k) P(Kn oo = £+Kk)
H*(H —k)! <IP(Kn,oo:k)_Hk( ( +ZH€ S IP(K o =k) )

Now recall the well-known inequality due to Rennie & Dobson (1969), for which for any
n > 2 and 1 < k <n—1 a Stirling number of the second kind can be bounded above by

1/n
< _ T'L—k
V(n,k)\z(k>k ,

implying that we can further bound the summation of the above equation for T <k <
min{H, n — 1} in the following way

n—k

—k {
1 P(Knoo =04+k) 1% (k\ [L+Kk\P(Kno =L+k)
P 7 < _ _ 7 .
ZH e (kK P(Knoo =k) 2 2 k ) P(Kpeo =k)

Hence, the result follows.

Proof of Theorem 3.6

We first derive the posterior distribution of f)(()H) =& St b, given the 6, when P is

assumed to be diffuse. This fact is summarized in the following proposition.

Lemma 3.1. Let 01,...,0y be a draw from an exchangeable sequence directed by a NIDM process
and let P be diffuse. Then, the posterior distribution of f)éH), defined as in (3.10), for any A €
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A(O) is

(13(() i Z 59 +Zée* ’

j=k+1

where the atoms Oy1, ..., 0y are iid draws from P.

Proof. Since the weights of f)(()H) are fixed and equal, we only need to determine
the posterior law of the atoms (01,...,01 | 0). Recall that a NIDM process, when P is
diffuse, is a species sampling model, meaning that k out of H atoms are necessarily equal
almost surely to one of the previously observed values 07, ...,0;, while the remaining
H —k are iid draws from the baseline measure P. Notice that the actual order of the
weights is irrelevant, because of the symmetry of the weights of ]5(()H). Hence, the result
in Proposition 3.1 follows.

Because of symmetry of the weights, we can assume without loss of generality that
the distinct values 07, ..., 0} are associated to the first k random weights 7, ..., m of

the process p"). The Laplace functional of i, given 8 and f)ém is given by

7

_qp(H) k n o ~(H
_a(H) _(H) E (e iy Hj:] T "1 Do )
1E<e R0 | g, >: -
E (Hj:] Y " Po )

and hence, with similar steps as for Theorem 3.2, both at the numerator and the

denominator, we obtain

E (e 6,p") =
c k * c ~
Ir. w1 = W) o Tl i w(f(On)+u) H;<=1 Any 1(F(65) +u)du

.J.IR un—le-cblu H;] n;,H(Wdu

k *
= J e H fr 25 W (6] i e h G S hmier 1 bW () H Ani'H(f(ei ) +u)
]R+ ):] ATL),H(LL)

(H)

PV (u)du

[ TL B (e @) ITe (e 000 ot o

+ h=k+1 j=1

where we used the fact that P(f(0) +u) = P (£(0)) + P (u), with P (A) denoting the
Laplace exponent associated to the tilted jump measure p*(s) = e “*p(s). It remains to
show that any ratio Ay, 1 (A +u)/Ap 1(u) is indeed the Laplace transform associated to
some nonnegative random variable, for any m > 1T and A > 0. This is immediately evident
from equation (3.20), because each A, 1(u) can be expressed as a linear combination

of Laplace exponents of the form Tt (A +u)/Tm(u), meaning that each random variable
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[; can be interpreted as a mixture of convolutions of random variables. By combining

Proposition 3.1 with the above Laplace functional the result follows.

Proof of Corollary 3.4

By exploiting equation (3.20), one can easily notice that IE <e it ] G,po ) obtained
in the proof of Theorem 3.6 can be interpreted as a mixture over the table configurations.
Thus, by augmenting and subsequently conditioning on the table frequencies, one can
easily obtain

E <e_g(H)(f) | 0’3—’]5(()H)> _
6* +u)

k 4
= J e T Y b1 W (F(B)) e H Z?:] i f67)) H H TeJr P(oo) (u)du
Ry j=1 r=1 Te]r

b

LR H E (e (Or) Ih> ﬁ E < ]*+I]r)> p1) (u)du,

+ h=k+1 j=1 =1

from which the result follows, by combining the above equation with Proposition 3.1.

Dirichlet multinomial process

In order to derive the EpPF od the Dirichlet multinomial from Theorem 3.2 one just need
to notice that when p(s)ds = s~ 'e™*ds, then for any m > 1 and u > 0 it holds

Nm+c/H)
Nm)r(c/H)

which can be verified directly from the definition of V;, 1(u) and T (u). Substituting the

Vi) = =Amu(w) = T (W),

above quantity in general formula of Theorem 3.2, one has simply that for k < H

. H! 1 K /T(n+c/H)
HH(TL],...,TLk) = (H—k)!CkF(C/H)kE <]J1(—T1))) X ﬂoo(m,...,nk),

where T (N1, ..., M) = c*/(c)n ]_[] 1 T'(ny) is the ErPF of a Dirichlet process. Hence the
desired EPPF can be obtained with some simple algebra. Notice that one could also obtain
this result specializing the general EpPPF of the NGG multinomial process, by letting o — 0.
Indeed, recall that in the Dirichlet process case 7 x = ck/(c)n, and that as o — 0 one has
o € (n,k;0) — |s(n, k)|, the sign-less Stirling number of the first kind. The distribution

of Ky, 1 is also obtained by exploiting properties of Stirling numbers. Indeed, specializing
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Theorem 3.4 and after a change of variable

P(Knst =1 = o o 2 (11) (61000
t:k
! .
T H=K)! (0)n é( H) Js(n,t)
H! ( 1)k
(H 9l O % (n,k;,—c/H)

NGG multinomial process

Substituting the EppF of a generalized gamma Nrwm1 in (3.11), and focusing on the

summation one has

1 n;
)
e]' § ) et ﬂoo(eﬂlﬂwe](’,]/"-Iekh"'/ekek):
€;j )

e]],.-.,
{;

! % (ny, 4; 0)
nlélﬂ , ; (e)], . e]E ) H 1 — O‘ ejr—1 = Vn'lng’

r=1

from which the errF of a NGG multinomial process follows. With the same reasoning,

one also obtain the explicit relation for A, 1(u) after recalling (3.20).

Simulation of U in the NGG multinomial case

We devise here a simple acceptance-rejection method for sampling the latent variable U
in the NGG multinomial case, whose density was denoted with p(H) (u). Let us focus on
the limiting case H — oo, and suppose we want to simulate a random variable having

density proportional to

p(oo) (1) o unf] (k + u)*ﬂ‘l’ko‘

_E oc_ O

exp{ G[(K+u) K]}.

As also discussed in Favaro & Teh (2013), rather than handling U directly it is convenient
to draw samples from Z := log U, whose density function is readily available after a
change of variable:

p(oo)(z) x e (k +eZ)—Tl+k0' exp {_% [(k +e%)° — KO’]} .

The distribution of Z is log-concave, that is, the logarithm of its density is concave, as
one can readily verify through direct calculation of the second derivative. This is a

major computational advantage and it implies, for instance, that the distribution of Z
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is unimodal. Moreover, we note that everal black-box techniques were developed for
sampling log-concave distributions.

We propose a simple sampling algorithm which has the advantage of being straight-
forward to implement, and it can be easily extended to the finite-dimensional setting.
As a matter of fact, it is just an application of the well-known ratio-of-uniform method,

which we recall here for convenience. Set

b= \/sup{p(oo)(z) :z € R},

and

_ = —\/sup{zzp(oo)(z) 2< 0}, by= \/sup{zzp(oo)(z) 2> 0L

Log-concavity of Z ensures that the above constants are finite. Unfortunately, there
are no closed form expressions for b,b_ and b, but they can be readily computed
via univariate numerical maximization, which is a particularly simple problem in this
log-concave setting. Then, a draw from U can be obtained as follows:

Step 1. Sample independently Z;, Z; uniformly on (0,b) and (b_, b, ), respectively.
Step 2. Set the candidate value Z* = 7,/7;.

Step 3. If Z2 < p(®)(Z*) then accept Z* and set Z = Z*, otherwise repeat the whole
procedure.

Step 4. Set U =exp Z.

The simulation from pM (u) proceeds in a similar manner, with the obvious modifications.
A good degree of tractability is preserved because pH(u), and equivalently p(2),is a

finite mixture of densities having the kernel of p(*)(u), namely

k
oc% H( ) M un71(|<+u)7n+|£|0‘exp{—§[(K+u)U_KG]}’

)
j=1 ¢

k

ocu“flexp{ ;[(K+u }HZ%JH

i=1 §=1

which implies that the constants b, b_ and b involved in the simulation of pH(z) are
finite also in this case. Moreover, as H — oo the density pH(z) converges to p(®)(z2),

implying that log-concavity is recovered at the limit.

Gibbs sampling algorithm for the INVALSI application

We describe here a Gibbs sampling algorithm for posterior computation of the model
described in Section 3.5. Let Gj € {1,..., H} be an indicator function denoting to which
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mixture component each school is allocated, for j = 1,...,100. The Gibbs sampling

algorithm alternates between the following full conditional steps:

Step 1. Exploiting standard results of Gaussian linear models, the full conditional for the

coefficients 3 is multivariate Gaussian with
(81 )~ N{(XTX/0* + T3 (XTng/0? + T5'ug), (XX /0* + 551) 7'},

where 73 is a vector with entries nyjg = Sy —j, fori =1,...,Njand j = 1,...,100,
whereas X is the corresponding design matrix having row entries =], i
Step 2. The full conditional for the residual variance is

100 Nj
1
2 2
(072 —)~ca (ac+N/2,bc+§ZZ(5uij%ﬁ)),

=1 i=1

which can be obtained through standard calculations involved in Gaussian linear models.
Step 3. We update the cluster indicators G; € {1,...,H} from their full conditional
categorical random variables

- 70N (1 fin, OF,)
S — hd
> et TN (W s, 02))

h=1,...,H,

foranyj=1,...,100.
Step 4. The full conditional for the school-specific parameters, given the above cluster
assignments, is easily available as

N; _ _
" 1/6%, +Nj/o? "1/5%, +N;/o?

independently for every j =1,...,100.
Step 5. The full conditional for fi, and 62 are given by

ind 2 i _n b/, 1
(uh|_) N 100 100 ’
1/0 —l—]/O‘hZ] 1 1(G; =h)’ 1/0 +1/0hZ) 11(G; =h)

independently for h =1,...,H and

100
in 1
(5,7 1) ~cA(ac+ E I(Gj=h),bs+5 D (mua,.)z),

jZGj:h
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again independently for h =1, ..., H.

Step 6. Update the weights (my,...,my) from their full conditional distribution by
exploiting the posterior characterization of Theorem 3.6, with the necessary modifications.
More precisely, the frequencies of the distinct values are given by the vector

100 100

> UG =1),...,) 1(Gj=H)
j=1

j=1



Chapter 4

Functional clustering via finite-dimensional en-

riched priors

4.1 Summary

The chapter is organized as follows. In Section 4.2 we introduced the enriched Dirichlet
multinomial mixture model for functional data, while in Section 4.3 we discuss some
theoretical properties. Specifically, we investigate the underlying clustering mechanism,
we present a novel enriched Pdélya-urn scheme and we prove the convergence of our
proposal to some well-defined infinite-dimensional process. In Section 4.4 a variational
Bayes algorithm for posterior inference is developed and it is tested on a simulation
study in Section 4.5. In Section 4.6 we apply the proposed method to a real dataset from

e-commerce, as outlined in Section 1.3.3, and we discuss the empirical findings.

4.2 A Bayesian functional mixture model

In the additive representation (1.12) we consider standardized functional observations.
That is, the empirical mean of Yi(t) evaluated on the time grid ¢; = (tiy,...,ti,)7 for
i =1,...,n, equals zero, whereas the empirical variance equals one. In fact, in this
specific application we are interested in grouping functions with similar shapes and
not in capturing their average levels. Then, for each standardized route and time value
t e Ry, we let

Yi(t) = fi(t) + ei(t), i=1,...,n,

where each f; : R, — R is an unknown function to be estimated, and where €;(t) is

a Gaussian local error measurement with zero mean and variance o2

2

, in turn having
a conditionally conjugate gamma prior distribution 0~ ~ GA(ag, by). Consistent with

the discussion of Section 1.3.3, we employ a discrete prior law P to borrow information

81
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across the latent trajectories f; and to induce functional clustering, namely we assume

H
- iid _ -
(fipM)y = pM, M =D &ndy,, (4-1)
h=1

independently for i = 1,...,n, with 6, denoting the point mass function at x. The
collections of weights &1, ..., &y are random probabilities such that 2111 &n = 1 almost
surely, whereas each atom ¢y, is the realization of a random function. Hence, each f;
can be formally regarded as a random function defined on a suitable complete and
separable metric space IF endowed with its Borel o-algebra .%. From representation (4.1)
it is apparent that a discrete prior induces ties among the functions f;. We will say that
two different functional observations Y;(t) and Yj(t) belong to same group whenever
they possess the same functional atom dy,, i.e. when they share the same latent trajectory
f; = . Clearly, the choice of the prior law for (") has a strong impact on the clustering
procedure. A popular class of models, arising in the infinite case H — oo, is given by
stick-breaking priors (Ishwaran & James, 2001), of which the functional Dirichlet process
(FDP) is a special case. However, as discussed in the Introduction, such a choice might be
unsuitable for our goals, and we rather want to upper-bound the model complexity by
selecting a finite value for H. Furthermore, we aim at adapting (4.1) to incorporate prior
information about functional shapes.

Suppose it is known that each f; possesses specific shapes or features. For example,
we may know in advance that a subset of the functional observations f; is monotone,
cyclical or it is bounded by some constant. In our application, for instance, we know
that a subset of routes presents a strong cyclical pattern. More formally, we assume that
each function f; belongs to a functional class among a finite collection {Fs,...,[F;} of L
specifications, with each IF| € .# being a measurable subset of IF. These functional classes
have to be specified in consultation with subject matter experts or as a consequence of
exploratory analyses. Splines are particularly convenient in accommodating a variety
of constraints such as monotonicity (Ramsay, 1988), but there are endless modeling
possibilities. For example, Gaussian processes are a flexible and widely used prior
for functional modeling (e.g. Petrone et al., 2009), and one may select for each class a
different covariance function. A computationally convenient class of functions which

includes the aforementioned examples is discussed in Section 4.2.1.

Let Py for L =1,...,L be a collection of diffuse and fixed probability measures defined
over the space (IF,.#) and placing mass only on the corresponding class space Fy, so that

Pi(IF;) = 1. The diffuseness assumption amount to have P ({f}) = 0 for any f € [F. Then,
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our enriched formulation specializes the general model (4.1) as follow

L Hy
pr =3 i) mndg,,
=1  h=I (4.2)

O P, h=1,...H, l=1..,L

Such a construction can be readily interpreted as a mixture of mixtures. Differently from
common mixture models, the atoms 0y, are independent and identically distributed
(iid) within the feature class, but only independent across them. Exploiting standard
hierarchical representation for mixture models, let us introduce a set of latent cluster
indicators G = (Gy,...,Gy) whose values are the pairs (1,h) for any h = 1,..., H;
and 1l =1,...,L, so that each function f; is associated to the corresponding atom éGi.
Therefore, two functional observations f; and fj belong to the same cluster if and only
if G; = Gj. Moreover, let us define an additional set of latent indicators F; € {1,...,L},
fori=1,...,n, representing the membership of each f; to the corresponding functional
class. Then, the mixing probabilities in (4.2) have a simple and useful interpretation,
which is outlined in the following scheme:

Functional class allocation: P(F;=1) =7y,
Within-class allocation: P(G;=(L,h)|F,=10)=mny3, h=1,...,H,
Cluster allocation: P(Gi; = (L,h)) = Yimp, h=1,...,H,

forany l=1,...,L and uniti =1,...,n. To summarize, each membership indicator G;
might be obtained as the result of a two-step procedure. In the first step, the functional
class indicator F; associated to the ith unit is sampled according to the probabilities
Y = (Yq,...,YL). Then, conditionally on F; = 1, each cluster membership G; is drawn
according to the within-class probabilities m = (3, ..., my,). To allow uncertainty in

such probabilities, we let
(Y1,..., Y1) ~ DIRICHLET (1, ..., &), (4.3)

whereas for the within-class step, independently on (4.3), we let

(701, v o) TR 1) ind DIRICHLET (l(-:l_ll' e, lfl_ll) , l=1,...,L (4-4)

The Dirichlet distribution in equation (4.4) is symmetric because the atoms 0y, are iid
within the functional class. Altogether, equations (4.2)-(4.4) describe what we will term

an enriched functional Dirichlet multinomial process (E-FDMP).
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Such a nested clustering mechanism characterizes general enriched priors, like the
E-FDP and other enriched stick-breaking priors (Scarpa & Dunson, 2014). As we will
show in Section 4.3, there is a sharp connection between the e-FpP and our e-FDMP, since
the former can be recovered as limiting case of the latter. Beside constituting a more
flexible class compared to classical mixtures, enriched processes allow the estimation of
“groups of clusters”, which are identified by the functional class indicators F;. Indeed, we
might want to group the routes characterized by cyclical patterns or increasing trends,
irrespectively of their within-class allocation. Moreover, even when the G; indicators are
of interests, it might be useful to split the clustering solution into homogeneous classes,
e.g. to facilitate their presentation to the stakeholders. These are major interpretative
advantages of enriched priors which do not have a direct equivalent in classical mixture
models.

4.2.1 Baseline measures specification

The specification of the baseline measures P has clearly a crucial impact on inference.
A priori, each P| can be interpreted as a “functional prior guess”, because the expected
value of ]5(“) is a mixture of the baseline measures Py, ..., P;. Indeed, for any A € .#

L L

L
A=Y EORA) = - Y wPl(A),  a=) a
1=1

1=1 1=1

The role of the hyperparameters «;/«, . .., & /x is hence clear, being the prior proportions
of each mixture component. For the remaining of the chapter, we will focus on a broad
subclass of baseline probability measures which are characterized by a significantly
improved computational and analytical tractability. More precisely, we assume that

Oyn(t) is linear in the parameters, with a Gaussian prior on the regression coefficients,

namely
M, .
~ ~ ~ ~ ~ m
Owm(t) = Z Bt (t) Bmin, Bin = Brn -+, Bmun) T ~ Nwm, (8, X6,), (4.5)
m=1

where each By(t), ..., Bm,i(t) for L =1,..., Lis a set of pre-specified basis functions and
where B, € RMt is an unknown vector of regression coefficients having multivariate
Gaussian prior with mean pg, = (11, ..., um,1)T and covariance matrix X3 . Under such
a choice, the a priori expected value of each function fi(t) fori=1,...,nand t € Ry
simplifies

L My
Ef(®) =) 1Y Bu®im,
1=1 m=1
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thus being a weighted average of the expected values of the regression coefficients. Note
that Bayesian penalized splines (Lang & Brezger, 2004) fall within specification (4.5).
We shall remark that if inference on the functional classes Fy, ..., F, is of interest,
the measures Py, ..., PL must be distinguishable a priori, in the sense that they should
characterize to quite different functional shapes. Otherwise, it might be difficult to infer
the functional classes from the data. Indeed, while very flexible specifications might be
employed for each Py, these choices would lead to identifiability issues across functional

classes. However, this is not a concern if one is interested in the cluster memberships.

4.3 Random partitions and clustering

In this section we investigate the a priori random partition mechanism of the e-Fpmp
model. Our proposal can be viewed as a middle ground between finite and infinite
mixture models. Indeed, it is closely related to proper nonparametric priors while being
finite dimensional. These features have several important implications for clustering.

A key property of the E-FbmMP model is that the number of clusters is bounded by
H= ZLL:1 H;. However, this does not imply that the actual number of clusters is equal to
H, because some partitions might be empty. Indeed, to circumvent the issue of selecting
the number of mixture components, one might consider a mixture model with a large
H and employ a sparse prior, thus effectively deleting the redundant mixture weights.
Such an approach has been advocated by Malsiner-Walli et al. (2016), on the ground
of the asymptotic results of Rousseau & Mengersen (2011). The amount of shrinkage
towards the upper bound H or towards the single cluster solution is regulated by the
sparse prior (4.4). Hence, the e-FDMP should not be regarded as a classical finite mixture
model, because the number of clusters is inferred from the data and it should not be
specified in advance.

We begin our discussion by first pointing out relevant connections of our proposal
with both the E-FDP and the FDP processes, and by providing some first intuitions about
the role of each H;. Consider the probability that two functions are assigned to the same
cluster. More precisely, let f; and f; be two draws from a e-FDMP with i # j, then it is
easy to check that a priori

L
ZOQ OC[+] C[+H1

. .6
o(ec+1) cqgHy+Hy (4-6)

1=1

The a priori probability of co-clustering of equation (4.6) is decreasing over Hy, i.e. the
within-class upper bounds, and increasing over c;, the within-class total mass parameter.

Importantly, as each H; — oo for L =1,..., L, the probability of co-clustering converges
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to a strictly positive constant

lim P(f ioq a+1) 1
Hy—00 — ala+1) T4+¢”

which unsurprisingly coincides with the co-clustering probability of the E-FDP, given in
Scarpa & Dunson (2014). Indeed, one can show that a e-FDmP (weakly) converges to a
E-FDP as each H; — oo. This convergence result has relevant practical implications:
broadly speaking, it means that if we augment the model complexity indefinitely
by increasing H;, we nonetheless obtain a well-defined model, whose probability of
co-clustering does not goes to zero. However, this is not to say that we should choose
Hy as large as possible, because this might lead to uninterpretable clustering solutions.
Rather, the bounds H; should be selected as the largest value maintaining the model
sufficiently tractable.

We now provide a formal statement of the aforementioned convergence result, which
rely on the notion of weak convergence for random measures; we refer to Kallenberg
(Chap. 4, 2017) for a rigorous treatment. Let !> ~ pp(cP) denote a Dirichlet process

having total mass parameter c and baseline probability distribution P (Ferguson, 1973).

Theorem 4.1. Let ") be a B-FDMP defined by equations (4.2)-(4.4) and let $*) be a E-FDP
(Scarpa & Dunson, 2014), which is defined as

ind
{ ) % pe(c Py),

=
8
I
=
o
8
o

where the probabilities (Y1, ..., Y1) are distributed as in (4.3). Then,

~(H)W_d>]5[°°), as H — o0, 1=1,...,L,

wd
where — denotes weak convergence

Proof. Note that we can write $(" Zl 1 Ylp{ , where each ﬁ{Hl) follows a Dirichlet
multinomial process. It is well known that p{ 2 weakly converges to a Dirichlet process
q{oo) (e.g. Ishwaran & Zarepour, 2000) as H; — oo, implying that for any finite collection

of sets Ay,...,Aq € F

BIAD, . pM(AD -5 (A, ..., B (AL

Weak convergence of the process follows from Theorem 4.11 in Kallenberg (2017). [
Theorem 4.1 is important also on the light of the following connection between the

E-FDP and the FDP which, to the best of our knowledge, was not made explicit elsewhere.



Chapter 4. Functional clustering via finite-dimensional enriched priors 87

If L =1, then the E-FDP trivially reduces to a Fpr. However, this occurs also under specific
hyperparameter settings. Indeed, the next corollary implies that if ¢y =cifor 1l =1,...,L,
then the limiting process $!° will be distributed according to a Dirichlet process whose
baseline probability measure is a mixture of the class-specific measures Py, ..., Pr. Such
a result is stated as a corollary of Theorem 4.1 for the sake of the exposition, but it is

actually a property of the E-FDP; see the proof for details.

Corollary 4.1. Suppose additionally to Theorem 4.1 that oy = ¢y forany L =1,...,L. Then

5(H)

d
pH) 25 5(%0) g5 each Hy — oo and moreover

L
f)(oo) ~ DP (Z qu1> .
=1

Proof. The proof rely on the finite-dimensional characterization of the Dirichlet process

(Ferguson, 1973). Specifically, for any finite partition By, ..., B4 € .# we have
ind
{q{‘x’)(B] ), ..., q{oo)(Bd)} = bIRICHLET{0¢ P (B1), . .., qaPi(B4)}, 1=1,...,L

Note in particular that {5(*)(By),...,p®)(Ba)} = ¥ L, Y{a™ (B),..., 4\ (Bq)}, and

L L
{$>)(By),...,7®)(B4)} ~ DIRICHLET {Z aP(B1),..., ) qul(Bd)} )
=1 1=1
thanks to well-know properties of the Dirichlet distribution. O

4.3.1 Enriched Pélya urn scheme

Similar to Blackwell & MacQueen (1973) in the Dirichlet process case, our E-FDMP
is characterized by a Pélya urn scheme, whose description greatly facilitates the
understanding of the underlying clustering mechanism. Conditionally on the latent
class indicators Fy, ..., F,, our enriched formulation reduces to a collection of Dirichlet

multinomial processes. Recalling equation (4.2), we can rewrite the E-FDMP as follows

H,
~ ~(H ~(H
=S o= s,
h=1

Then, we can augment the above specification by including the set of latent class
indicators F' = (Fy, ..., Fn). In this hierarchical representation, the functions belonging
the same class f; : i e [y with I, ={i=1,...,n: F; = 1} are iid draws from ﬁ{Hl), a

Dirichlet multinomial process. More precisely, we can equivalently represent our E-FDMP
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hierarchically as

(Fi | ) id MULTINOM(Y1,..., Y1), i=1,...,n,
4
(fi [ Fe=1p ") < i, ieT

with prior distributions as in equations (4.3)-(4.4). Such a hierarchical representation
naturally leads to the definition of a sequential mechanism for generating both fy,..., fy
and Fy,...,Fq. Let ny = Y ' 1(F; = 1) be the number of elements belonging to the
lth functional class and let k; < ny be the number of distinct values observed among

*

the functions of the lth class. Moreover, let f7;,..., f]m ,.

S R & _ Tepresent the

n
distinct values observed in the whole sample f = (fy,...,fy), having frequencies n; for
j=1,...,kand l=1,...,L, so thatn;, = Z}L njandn = ZLL:] n;. Then, the enriched
Pélya urn scheme is characterized by the following two steps, so that for any n > 1 and

any A € .# we have

X+

P(Fhp1 =1 F) = ,
(Fa =1 F) = 20

l=1,...,L,

Ky
ky Ct nj +c/H
P(f eAl|f F,F =l)=(1—— Pi(A ——— 8¢ (A).
(tner € ALL,E s =1 = (1= 1) Sy 1+ 3 o)

At the first step, one draws the F,.; functional class indicator with a probability
depending on the observed frequencies ny,...,ny and the «y, ..., a coefficients, which
can be naturally interpreted as a priori frequencies. Then, at the second step and given
Fni1 =1, one either draw a novel functional observation from P; or she samples one of

the previously observed functions with probability proportional to nj; + ci/H;.

On the light of Theorem 4.1, it is not surprising that the second step converges to the
classical scheme of Blackwell & MacQueen (1973) as H; — oo, conditionally on the lth
functional class. Moreover, if «; = ¢ the classical Pélya urn scheme is recovered also
marginally, a consequence of Corollary 4.1. Furthermore, such an enriched Pélya urn
scheme is reminiscent of the one presented in Wade et al. (2011), and indeed it can be

essentially regarded as its finite-dimensional counterpart.

Let us focus on the conditional probability of obtaining a new cluster, given the
functions f and the class indicators F'. From the enriched Pélya urn scheme one can

easily get

L
x + 1 ki CL
P(fhe1 = “new" | f, F) = E — (1 — —) . (4.7)
— a+n Hi /) qg+m

The above predictive probability provides a clear guidance about the role of the

hyperparameters. In first place, note that the probability of drawing a new function
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decreases the more clusters k; we observe, and it equals zero whenever k; = H;. Hence,
the E-FDMP penalizes partitions with a large number of clusters, effectively bounding the
model complexity, one of the overarching goals of our analysis. Note that as H; — oo
the aforementioned penalization disappears. Moreover, the parameters c; control the
creation of a new cluster—the larger each c; the more cluster we should expect.

4.4 Posterior computations

Bayesian mixture models are routinely estimated using Markov chain Monte Carlo
(MmcMmc). While this approach is supported by strong theoretical guarantees, it has some
drawbacks when performing clustering. The first concern is scalability: mcmc sampling
might face computational bottlenecks when the sample size grows. This is a severe
limitation because in practice one would like to conduct the clustering algorithm on a
weekly basis, and perhaps on several different datasets. In addition, a further difficulty
arises when performing clustering with mcmc. As discussed in Lau & Green (2007), at
each step of the chain one samples a different partition of the observations; however, it is
hard to provide a point estimate, essentially because of the label switching phenomenon.
Existing solutions rely either on ad-hoc procedures (Medvedovic & Sivaganesan, 2002),
or on post-process optimizations problems (Lau & Green, 2007; Fritsch & Ickstadt, 2009;
Wade & Ghahramani, 2018). In both cases, this implies an additional layer of difficulty
that one might want to avoid.

To address these issues we employ a mean-field variational approximation of the
posterior distribution, which is nowadays a well-established inferential tool (Blei et al.,
2017). The involved computations are much faster than Mmcmc, and the variational Bayes
(vB) approach is particularly well suited for clustering purposes, since it is not affected
by label switching, thus ruling out the aforementioned additional steps. In addition,
variational inference for the E-FDMP is straightforward to implement because such a
model belongs to the conditionally conjugate exponential family, for which efficient
optimization algorithms are available (Blei et al., 2017).

Unfortunately, these advantages do not come without some drawbacks: indeed,
the variational posterior is only an approximation of the proper posterior law, and it
is well known that vB generally leads to accurate point estimates but also it typically
underestimate the variability. If uncertainty quantification were of interest, a Gibbs
sampling algorithm for the E-FDMP could be easily devised, since the full conditional
distributions are be available in closed form. However, in our motivating application we
are only interested in a single cluster solution and therefore vB represents an appealing
choice.
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Let 7w = (my,..., ) be the collection of the within-class probabilities of equation (4.4)
and let 8 = (811, ..., ﬁ]H1 oo, Br, .., ﬁLHL) be the set of regression coefficients appear-
ing in equation (4.5). We seek an optimal variational distribution q"*)(G, T, =, 3, 0?)
that best approximates the joint posterior, while maintaining simple computations. This
can be obtained by minimizing the Kullback-Leibler divergence between the variational
distribution and the full posterior, or equivalently by maximizing the so-called evidence
lower bound (ELBO), so that q*)(G, Y, 7, 3, 0?) = arg maxqeo ELBO{q(G, T, , B, 02)}; see
Blei et al. (2017) and the discussion in Chapter 7.

Without further restrictions, the Kullback-Leibler divergence is minimized when the
variational distribution is equal to the true posterior distribution, which is analytically
intractable. Hence, a common strategy is to assume that the variational distribution
belongs to a mean-field family Q. Such a class of distributions incorporate a posteriori
independence among distinct groups of parameters, meaning that the variational

distribution factorizes as

n Hy

"G, T, 7 B,0%) =q" (A [aG)a" M) [[a (=) [ T] ] a™(Buw)-

i1 1= 1=1 h=T1

Under such an assumption, the optimal variational distributions can be found exploiting
an iterative algorithm called coordinate ascent variational inference (cavr). Its full
derivation entails standard calculations which are omitted for the sake of the exposition;

we report in Algorithm 1 only the resulting cavr algorithm. One may refer to Bishop

(Chap. 10, 2006) for detailed illustrations on similar models.

We define here some additional notation necessary for the description of the cavr Al-
gorithm 1. As mentioned in Section 4.2, recall that each functional observation Y;(t)
is only available on a finite grid of points ¢; = (ti1,...,ti1;)7. The observed values

associated to these time grids are stacked into a single > ' ; T;-dimensional vector
Y = (Y] (t]] )/ e /Y1 (t1T1 )/ e /YTL(tTﬂ )/ e /Yﬂ.(tnTn))T'

Similarly, we define the ) ' ; T; x M| matrices By for l = 1,..., L, which are paired to the
data Y and whose entries are the values of the basis functions B, (tis) of equation (4.5),
form=1,..., M, over the columns and fors =1,...,T;and i =1,...,n over the rows.
Moreover, note that in Algorithm 1 the density functions are identified by the same
symbols that are used to characterize distributions. Finally, the expected values appearing
in Algorithm 1 are taken with respect to the variational distributions q'”)(-) at the rth
step of the cycle, motivating the notation (). The cavr algorithm, at convergence,

returns the optimal variational distribution q(*) ().
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From the output of the cavr algorithm, it is straightforward to derive a posteriori
variational estimates for the cluster memberships Gy,..., Gn, for the class-specific
membership Fy,...,Fy, and for the cluster-specific trajectories O If QEZ& denote the
variational probabilities computed at Step 1 of Algorithm 1, at convergence, then a

natural variational Bayes estimate Gg*], ..., GY) for the cluster memberships is given by

G\ = argmaxolj) =argmaxq (G = (LR}, i=1,...m,

and similarly a variational estimate Fg*), eel, FS‘ ) for the functional classes is

Hy
Fg*) = argm{c\xz Qﬁk})l = argm{c\x q(*)(Fi =1), i=1,...,n
h=1
These natural estimators can not be easily computed when performing MmcMmc because
of the label-switching phenomenon. Finally, an estimate é{;) (t) for the cluster-specific

functions is given by its variational expectation, which equals

My
0, (1) = E o {(0in(} = Y BtV E o) (Brutn)-

m=1

The estimate éﬁ? (t) will be useful for the interpretation of the clusters.

4.5 Simulated illustration

In this section we assess the empirical performance of the e-FDMP—and the associated
cavr algorithm—by conducting a simple simulation study. Such a simulation is far
from being extensive and it serves mainly as an illustration of the concepts presented in
Section 4.3. Specifically, we aim at showing the ability of our model to effectively recover
the true number of groups, as well as the cluster memberships, thereby empirically
validating the role of each parameter H; as the upper bound for the total number of
clusters.

For this illustrative example, we consider identical and equally spaced time grids
ti=(1/T,..., Ti/Ti)T fori=1,...,n, ranging over the unit interval [0, 1], and we let the
number of observations n = 100 and each grid length Ty = --- = T, = 50. Among the

functions fy, ..., f, there are only four distinct values f7, ..., f}, defined as

fi(t) =1-—2t, f5(t) = %{COS(ZT[’() + sin(27tt)},

f3(t) = 2tt—1, fa(t) = %{cos(47rt) + sin(47tt)}.
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Algorithm 1: cavr algorithm for the e-FDMP with baseline measures (4.5)

begin

Let q () () denote the generic variational distribution at iteration r and let IEqm
denote the expected value taken with respect to it. At every step of the algorithm,
update each block of q(™(-) according to the following steps:

Step 1. Update q(”(Gi) foreachi=1,...,n;
for ifrom 1ton do

Update the variational probabilities q(T){GiL =(Lh)} = QE{})I according to

(r)
Qi1 & eXp

s=1

T
Eqo-nflog (Mimn)}l+ D Egon{log N(Yi(tis); Oun(tis), 02)}] ,

T
1 - ~
o exp (Eq(r—n{log (Virmn)}— E]Eq(r—n((f_z) Y Eqon [{Yi(tis) - elh(tis)}z] > ,
s=1

foranyh=1,...,Hiand 1=1,...,L
Step 2. Update the variational distribution q(2") according to

n H; n Hp
q”)(T) = DIRICHLET (T; x1 +Z Z gﬂ)h,. ce XL Z Z QE&) .

i=1h=1 i=1 h=1

Step 3. Update q(”(m) foreachl=1,...,L;
for 1 from 1toL do

Update the variational distribution of each q(*) () according to

n n
1 1
q") () = DIRICHLET <7n; H + E 951)/---/ e + § QE{%) '
i=1

i=1

Step 4. Update q(T)(Blh) foreachh=1,...,Hiand 1l =1,...,L;

for 1 from 1toL do

for h from 1 to Hy do

Update the variational distribution of each q ™) (Bin) according to

(Bin) = Nm, (51}& M{Q, 2{?) ,

where i) = (B] I\ Bi+ 25 1) " and pyy) = B\ (BULY + Zg,p,),

and with 1"'1(}:) = IEq(Tq) (G_z)diag(ggrl)h,. .., Q%rl)h,. .., QT(:l)h, e, ggl)h).

Step 5.Let T=1/n3Y ' ; T;. Update the variational distribution '™ (¢~2) according
to

Hy

T & ;
q(r) (0_2) =GA (G_z; ag + %/ bs + E Z Z Z Z ‘Qllh {Y tls) elh(tis)}z]) .

i=1s=11=1 h=1

-
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The first f1,...,fy; functions are set equal to f], while each element of the second
block f,...,f50 is set equal f;, and similarly for the third and fourth blocks of
functions fsy, ..., f75 and f, ..., 100, whose elements are equal to f3 and f}, respectively.
Summarizing, we let the number of cluster be equal to 4 and we assume that each
partition has 25 elements, for a total of n = 100 functional observations. Recall that
we observe error prone realizations Yi(t) of these functions, for i = 1,...,n, as for
equation (1.12). Clearly, the clustering performance is affected by the amount of noise in
the observed data. To emphasize this aspect we consider two different scenarios. In the
first simulated setting, the variance of the error is relatively small (¢ = 0.12), while in
the second scenario the functions are perturbed by a much higher amount (o = 1.5%). The
simulated trajectories are depicted in Figure 4.1: in the first scenario the four functions

1,...,f; are clearly distinguishable, whereas in the latter the underlying signal is less
evident. Consequently, the clustering algorithm is expected to perform better in the small
variance setting than in the high variance one.

Although the true number of clusters is 4, we set the total number of mixture
components H = 20, to empirically demonstrate the ability of the E-FDMP to recover the
correct number of distinct functions. Moreover, we let the number of class functions
L =4 and each within-class upper bound H; =5 for 1 = 1,...,4. The functional atom

specifications, as for equation (4.5), are the following

O1n(t) = Brin+ Bant,  Oan(t) = Brzn + Baan cos(2mt) + Baan sin(2mt),
O3n(t) = B1zn + Pasnt?,  Ban(t) = Pran + Baan cos(4mt) + Baqn sin(4mt),

with iid prior distributions Bmih id N(0,10). The prior specification is concluded by
settingoy =--- =0 =1, c1=---=cr=1land ag =bs = 1.

The optimization of the ELBO might be troublesome due to the presence of local
maxima. To mitigate this issue, the cavr algorithm was initialized at several different
starting points; the solution achieving the highest value of the ELBO was retained (Blei
et al.,, 2017). Remarkably, each run of the cavr required only few seconds for the
computations on a standard laptop and with a naive implementation in the R statistical
software. The results are depicted in Figure 4.1 for both the scenarios.

In the small variance setting (top graph of Figure 4.1), the cavr algorithm applied to
the E-FDMP model performs remarkably well. Indeed, it correctly identifies 4 clusters—
meaning that among the estimated memberships Gg*),. .., fo ) there are only 4 distinct
values—even though a conservative upper bound H = 20 was selected. Moreover, the
observed curves are always allocated to the correct cluster, as summarized in Table 4.1a,

up to a label permutation. Finally, the estimated curves 0y, depicted in Figure 4.1 closely
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Small variance scenario
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Figure 4.1: Simulated trajectories Y7 (t),..., Yn(t) in the small variance scenario (top graph,
02 = 0.1?), and high variance scenario (bottom graph, 0 = 1.52). Different colors refer to

the estimated cluster memberships Gg*), e, GE{k ) whereas the corresponding solid lines are the

estimated cluster-specific functions é{:t) (t).
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Class label 1T 2 3 4 Class label 1T 2 3 4

Within-class label 1 2 3 3 Within-class label 4 2 2 4

f] 25 0 O O f] 22 1 0 2

5 0 25 0 O 3 3 19 1 2

f3 0O 0 25 O f3 O 2 23 0

f) 0O 0 0 25 1 1 0 0 24
(a) Small variance scenario. (b) High variance scenario.

Table 4.1: Contingency tables showing the true cluster memberships Gy,..., G, against the

estimated memberships Gg*), ceey Gg{k ) in the small variance (a) and in the high variance (b)

scenarios. The functional class and the within-class labels are reported. The cluster labels having
zero frequencies are omitted.

resemble the true functions fj,...,f;. Similar remarks can be made also in the high
variance scenario (bottom graph of Figure 4.1), although the performance are less striking,
as one would expect. In particular, according to Table 4.1b the estimated memberships
Gg*), eee, Gg ) are correct in the 88% of the cases. However, it should be emphasized that
in both cases the correct number of cluster is automatically identified, without the need
of a post-processing step. This corroborates the usage of each H; as an upper bound,
implying that one should not be worried to overfit the data when selecting large H, as
long as the ¢y, ..., c; parameters are well calibrated.

4.6 E-commerce application

4.6.1 Prior specifications

Recall that in our motivating application we aim at grouping flight routes according
to the searches on the website of the company. From the original dataset at our
disposal—concerning only Italian airports—we retained the flight routes having the
highest number of searches within the period under consideration. As a result, the final
dataset comprises n = 214 different flight routes accounting for the 94% of the total
counts. Each Yj(t) is observed over a weekly time grid ranging from the 1st March 2017
(t =1) to the 14th March 2018 (t = 55), so that each time grid equals ¢; = (1,...,55)T,
fori=1,...,n. Hence, the dataset can be represented as a 214 x 55 matrix having 11770
entries.

We set the number of functional classes L = 2 and we select P; and P; so that they
have interpretable but yet sufficiently flexible forms. The number of basis functions for
both the functional classes is M1 = M; = 6. The first functional class (1 = 1) captures

yearly cyclical patterns and characterizes the routes having e.g. a peak of web-searches
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First baseline measure

- AN . —————————T

Figure 4.2: Prior samples for the L = 2 baseline probability measures P; (top graph) and P,
(bottom graph) according to equations (4.8)-(4.9).

during either the summer or the winter. This is the case for example of the MIL-AHO
route—from Milan to Alghero, a small city in Sardinia—as apparent from Figure 1.1.
We increase the flexibility of this functional class by including also a semi-parametric
component, thus allowing moderate deviations from this cyclical behavior. Specifically,

we let
1 7 i 7
mZ_ BmihSm(t) + P51n cos (anﬁt) 4+ Bgin sin (271365 ) (4.8)

where 81(t),...,84(t) are deterministic cubic spline basis functions. The second func-
tional class (1 = 2) has a mathematical formulation similar to (4.8), but with an important
practical distinction. In particular, it characterizes functions having two peaks per year,
which amounts to let

: 14 14
= Z m2hSm (t) + Bs2n cos (271 365 ) + Bg2n sin <27‘[%t), (4-9)

The MIL-NAP route—from Milan to Naples, depicted in Figure 1.1—is presumably a
member of this functional class. As for the prior distributions Bin ~ Nm, (pg,, X3,), we
set the prior means ug, = pg, = o and the covariance matrices X3, = X3, to be equal
and diagonal, having entries diag(Xg3,) = diag(Xg,) = (1,...,1), which were chosen to



Chapter 4. Functional clustering via finite-dimensional enriched priors 97

induce a fairly uninformative prior, considered that the data were standardized. Few
simulated draws from the prior baselines P; and P, are shown in Figure 4.2, which
confirms that these two functional classes are both sufficiently flexible but distinct.

To induce a priori a moderate amount of clusters we select ¢c; = ¢y = 1, whereas
we specify a uniform prior for functional class probabilities ¥ = (Y,7;) by letting
o1 = &z = 1. The latter choice corresponds to the a priori indifference between the two
functional classes. Moreover, by virtue of Corollary 4.1, it also implies that for H; large
enough the E-FDMP is approximately a Fpr with baseline measure %(P1 + P2). Finally, we
let a; = by =1 for the residual precision 02 a fairly uninformative setting.

4.6.2 Selection of the upper bounds

The theoretical findings of Section 4.3 as well as the simulation study of Section 4.5
seem to suggest that each H; should be taken as large possible, being limited only
by computational constraints. Indeed, the redundant clusters would be automatically
deleted by the shrinkage prior in equation (4.4). Taken to the extreme (i.e. as each
H; — o0), this argument would lead to a proper Bayesian nonparametric prior; see
Section 4.3. Although such an approach is theoretically sounding, its direct application
might be troublesome on certain statistical problems. Indeed, real data are far more
heterogeneous than those typically considered in simulations, meaning that the “true”
number of clusters could be large with respect to the sample size. This effect is
particularly marked within the context of functional clustering, because even small
local oscillations lead to mathematically distinct functions. Hence, flexible priors with
very large upper bounds—as well as infinite dimensional nonparametric priors—might
constitute a better fit for the data, at the price of more complex cluster solutions.
The strength of the e-FDMP formulation—especially in comparison with nonparametric
priors—is in that one can balance the flexibility and the complexity of the model by
tuning the bounds H;.

On the basis of the above discussion, we let H = Z%ﬂ H; be the largest value for
which the resulting clustering solution is still useful in practice. Such a value is evidently
quite subjective and it depends on the specific statistical problem. In our e-commerce
application—in consultation with the stakeholders of the company—we let the upper
bounds H; = 20 and H; = 5. Indeed, the second baseline measure is more prone to
capture specificities of the functional observations compared to the first one, and this
might lead to highly similar clusters. As discussed in the next section, such an effect is
present even under the tight choice H, = 5. Note that the values H; still preserve their
interpretation of upper bounds for the within-class number of clusters: if less than H;

clusters are needed, then the redundant mixture components will be neglected.
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Within-class label 2 3 5 6 10 14 16 17 20

Frequency 8 7 1 2 40 1 4 13 41
Volume (x10°) 4.49 2.54 0.51 0.78 51.45 0.44 26.61 1546 33.43

(a) First functional class (1 = 1).

Within-class label 1 2 3 4 5

Frequency 27 9 28 21 12
Volume (x10°) 35.24 8.27 23.93 26.96 16.16

(b) Second functional class (1 = 2).

Table 4.2: For both the functional classes 1 = 1 and | = 2 the frequencies of the estimated
clusters, as well as the traffic volumes associated to these groups, are reported. The traffic
volumes represent the summation of the within-cluster number of web-searches over the period
of consideration. The cluster labels having zero frequencies are omitted.

4.6.3 Flight routes segmentation

We run the cavi Algorithm 1 multiple times, starting from different initialization points
to mitigate the issue of local maxima. Such a procedure required only few minutes of
computations on a standard laptop. From the ouput of the cavr algorithm, we estimate
the group memberships Gg*),...,GE{k ! as discussed in Section 4.4. In Table 4.2 the
frequencies of the resulting clusters are reported. Note that only 14 clusters are obtained
out of H = 25 and furthermore some of them are composed only by few functional
observations. Moreover, all the H, = 5 groups of the second functional class are occupied,
which suggests that by selecting a larger upper bound one would probably get more
clusters. However, this would be of little practical interest because—as evidenced in
Figure 4.3—these 5 groups are already highly similar. This is an important practical
advantage of the E-FDMP with respect to nonparametric priors, namely the ability of
bounding the model complexity by avoiding the exploration of complex and less relevant
partition structures.

Together with the cluster frequencies, we report in Table 4.2 also the traffic volumes
associated to these groups, namely the within-cluster summation of the number of web-
searches. Such a metric is far more important than the cluster frequencies: for example,
cluster 16 of class 1—which has only 4 observations and a sensible traffic volume—is
much more relevant from a business perspective than cluster 3 of class 1. Unsurprisingly,
cluster 16 of class 1 identifies flights from the cities Milan and Bologna to Palermo and
Catania, whose airports are among the biggest in Italy.

In Figure 4.3 we depict the raw standardized observations Y;(t) of the 10 most
relevant clusters—i.e. those having the highest traffic volumes—overlaid with the

corresponding estimated curves é{;? (t). A direct graphical inspection confirms that the
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Standardized weekly web-searches
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Figure 4.3: The standardized functional observations Yi(t) of the 10 most relevant clusters
(according to the volumes of Table 4.2) are depicted. The solid dark lines represent the associated

cluster-specific estimated trajectories é{;) (t).
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Arrival

North Center South & Islands

North 0 2 49

Departure Center 0 0 24

South & Islands 6 3 12

(a) Macro cluster A. Labels {10, 20} of the first functional class (1 = 1).
Arrival

North Center South & Islands

North 0 7 6

Departure Center 10 0 0

South & Islands 47 21 7

(b) Macro cluster B. Labels {1, ..., 5} of the second functional class (1 = 2).

Table 4.3: Contingency tables for the regions associated to the departure and arrival airports, for
the flight routes belonging to macro clusters A and B.

baseline specifications of equations (4.8)-(4.9) are indeed flexible enough to capture the
main tendencies of the data. Moreover, the differences between the two functional classes
are evident also a posteriori: indeed, the clusters of the first column in Figure 4.3 are
characterized by single peaked functions, while the other groups display two-peaked

functions.

As previously mentioned, the clusters of the second functional class are mathemati-
cally different but quite similar, since all the corresponding functions have a first peak
around April and a second one between September and October. Between functional
classes, and within the first functional class, however, there is much more heterogeneity.
For instance, the functions belonging to cluster 2 of class 1 have a single peak in August,
while those belonging to clusters 10 and 20 of class 1 have a single peak between June
and July. Moreover, functions of cluster 17, class 1, are quite stationary at the beginning
and then they drop around August.

We now investigate in more detail the features of clusters 10 and 20 of the first
functional class, termed henceforth macro cluster A, as well as those of the second
functional class, which we will call macro cluster B. Indeed, these macro clusters are
fairly homogeneous and they are also characterized by the highest traffic volumes. Recall
that the airports of our dataset are located in Italy, which can be conveniently divided
in three areas (North, Center and South & Islands), following standard administrative
divisions. Arrival and departure airports of the flight routes belong to one of these areas.
Remarkably, both the macro clusters A and B can be well described in terms of these

administrative borders, as it is apparent from Table 4.3. In particular, the vast majority
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of flight routes belonging to macro cluster A arrive to an airport located in the South &
Island region. Conversely, in the macro cluster B most of the flight routes depart from
the South & Islands area and are directed to the North and to the Center regions. These
findings further corroborate the quality of the obtained cluster solution and they provide
useful intuitions about the role of each cluster. Indeed, these qualitative descriptions

might help marketing specialists in designing effective cluster-specific policies.






Chapter 5

Computational advances for hierarchical pro-

cesses

5.1 Summary

The chapter is organized as follows. In Section 5.2 we review some background material
on the Pitman-Yor process and on homogeneous normalized random measures with
independent increments (NrRwmis) that has not been covered in Chapters 2 and 3. In
Section 5.3, we propose a particular instance of hierarchical process and we discuss a
finite dimensional approximation based on a deterministic truncation of P¢. In Section 5.4
the truncated process is employed to define an infinite mixture model for partially
exchangeable data. The novel conditional Gibbs sampler to conduct posterior inference
is derived and described in detail. To assess the practical performance of both the novel
algorithm and the aforementioned infinite mixture model, we conduct a simulation
study in Section 5.5. Finally, as an illustration, we apply our algorithm on real data in

Section 5.6.

5.2 Preliminaries and background

Throughout the chapter we will make extensive use of the notion of homogeneous
normalized completely random measures (NrRmis), and of the Pitman-Yor process (pY).
The definition of the Pitman—Yor process was given in Chapter 2 whereas a preliminary
and concise background on completely random measures can be found in Chapter 3.
As discussed in Chapter 2, if ]5("0) ~ PY(c,0;P) with fa(oo) =Y, &h%h, then
collection of the weights £ = (&;,&,,...) follows a stick-breaking construction. In
the sequel we will only consider a subset of the collection of parameters (o, c¢) for which
o €[0,1) and ¢ > 0, excluding the degenerate case (o,c) = (0,0). Clearly, setting 0 =0

one obtain the stick-breaking construction of Sethuraman (1994) for the Dirichlet process,
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whereas for ¢ = 0 one is able to recover the stick-breaking construction of the o-stable
process given in Perman (1990). See also Perman et al. (1992). The distribution of the
weights £ = (&7, &,,...) will be denoted with £ ~ GeM(o, c) after Griffiths, Engen, and
McCloskey, and is also referred to as the two-parameter Poisson—Dirichlet process.

5.2.2  NRMI with finitely supported base measure

The hierarchical specification of discrete random probability measures given in (1.4)
entails that each Py has, conditionally on Py, an atomic base measure. In our case the p;’s
are homogeneous NRMIs and this motivates our interest in discussing specific features
of NrRMmIs whose base measure is purely atomic. Accordingly, in this Section we will
suppose that pM) ~ NrMI(c, p; P) and that for some H > 1, there exists {61,...,01} C ©
such that P({8,}) > 0 forany h € {1,...,H} and Y}, P({6,}) = 1. This corresponds to
normalizing a crRM with fixed points of discontinuity. Because of this fact, the following
discussion will partially overlap with some notions already discussed in Chapter 3, which
are recalled here, with the appropriate modifications, for the ease of the exposition.

Let us first consider a finite collection {J1,...,Jq} of independent and infinitely
divisible positive random variables such that for any A > 0, one has E{exp(—AJ;)} =
exp{—ciP(A)}, where 1 is the Laplace exponent corresponding to the jump measure
p—as for equation (3.6) in Chapter 3—and ¢; > O forany i=1,...,d.

Definition 5.1. If | = Z{L Ji and we let m; = J;/], then we say that (m,...,7q_1)
identifies a normalized infinitely divisible distribution and will use the notation

(7-[1/°~°17Td—1) NNID(Cb---/Cd; p)

These distributions have been discussed at length in Favaro et al. (2011) and they are
the building block of NIDM processes introduced in Chapter 3. If pH) ~ NrRMI(C, p; P)
and P is purely atomic with H atoms, for any finite and measurable partition {By, ..., Bg}
of ® the vector {p")(B1),...,pM (Bg_1)} clearly identifies a probability distribution on
the simplex Sg_1 = {(wy,...,wg_1) : wy > 0; Z{ij w;i < 1}. Moreover, by virtue of
Definition 5.1 one has

HM(B1), ..., "M (Ba_1)} ~ NID(cP(By),...,cP(Ba); p),

with the proviso that p(B;) = 0, almost surely, if P(B;) = 0. If we set c;, = cP({0y}) for
each h =1,...,H, and note that P(©\ {01, ...,01}) =0, the random probability measure

pH) ~ NrRMI(c, p; P) is fully characterized by the random vector

{pM B, 5™ (811D } ~ Niler, . cri),
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and the support of f)(H) is the finite set of points (61,...,0y), almost surely. This
motivates the shorter notation ﬁ(H) ~ NRMI(Cq,...,CH; P) We use in this setting. We move
on presenting some examples of homogeneous NrRMis, the associated N1D distributions
and their densities, that will play a relevant role in the sequel.

Example 5.1 (Dirichlet process). If p(s) = s Te™s then p") ~ NrRMI(c, p; P) is a Dirichlet

process and for any measurable partition {B;...,B4} of ©
{ﬁ(H)(Bﬂ,...,ﬁ(H)(Bd,1)}~DIRICHLET(Q,...,Cd), ci = cP(By), i=1,...,d
If c; >0foreachi=1,...,d, its density function is

F(C]+"'+Cd) c1—1 "‘WCdi]_‘l
(ct) x---xTcq) -

plw) =

d—1
(1 —lw) s, (w), [wl=) wi
i=1

Example 5.2 (Normalized inverse Gaussian process). If p(s) = (V/ 2m1)~ 1 s73/2e75/2 then
for any measurable partition {B; ..., B4} of ©

BB, ..., M (Bag)}~NIG ey ... ca), ¢ =cP(By), i=1,...,4

and if ¢; > 0 for any i = 1,...,d, its density function can be obtained in closed form

(Lijoi et al., 2005) and coincides with

B eZ i 1L, ¢y # a2 ( -Ad('w))

plw) = 2d/2—1|"(]1/2)d Ag(w)d/A

o w0 -} 1, ),

where Ag(w) = id:_]](ciz/wi) + cﬁ/ﬂ — lw|) and #4(-) denotes the modified Bessel
function of the third type.

Example 5.3 (1/2 stable process). If p(s) = (V/ 271) ' s73/2 then for any measurable for any
measurable partition {B;..., B4} of ©

HM(B1),..., ™M (Bg_1)} ~ N-sTABLE (1, ..., cq), ci = cP(By), i=1,...,4,

and if ¢; > 0 forany i=1,...,d, its density function is

d
p(w) = Md/2)[Ti e

-3/2
) = r(]/Z)dAd(w)d/Z {W1 qu(] — \’w])} ISd,1 (w),

where, as before Ag(w) = id;] (ci2 /wi) + cﬁ/ (1 —w]). See Carlton (2002). A well-known

property of the normalized stable process is that it does not depend on the total mass c

and this is clearly reflected by the expression of the density function above.
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5.2.2 NID processes

While N1Ds have been defined on a finite-dimensional simplex, they can be easily extended
to an infinite dimensional setting. This is illustrated in the following.

Definition 5.2. Let ¢ = (c1, c2,...) be an infinite collection of non-negative numbers such
that ) 7, cp < co. An infinite random vector 7 = (717, 7,...) such that } 72,7 =1,
almost surely, is a normalized infinitely divisible process (NIDP) with parameters p and c if,
for any d > 2 and finite partition (s, ..., ¥4 of N, one has

(Z T, enny Z 71]~> ~NID< Z Cjsevns Z Cj;p>,

jey jeHa—1 jed jeHa

and it will be denoted =« ~ NIDP(¢, p).

If we take /™) ~ NrRMI(c, p; P) with cP = > jcndg, , P = =Y Bh/3)6¢ and let,
for any h > 1
m=p{0n}) = D> 3/d,
{i: ‘b)—eh}
then 7 ~ NIDP(c, p) with ¢y, = cP({0y}) for each h > 1. Because of their connection with
NRMIs with countable baseline measure, NIDP processes will play a central role also in
the description of general hierarchical processes.

5.3 Hierarchical processes

5.3.1 The hierarchical NRMI-PY process

In order to define the prior Qr that governs a L-dimensional partially exchangeable array
{(B1i)i=1 : 1=1,...,L}, according to (1.3), we rely on (1.4) and resort to a special instance
of hierarchical discrete random probabilities. More specifically, we will deal with the
following setting

)) i (o)

ell ’ pl 7

(611§
(15{ )!Pé ) ~dNRMI(C p,pé N, 1=1,...,L (5.1)

f?(()oo) ~ PY (00, Co, P),
where P is a diffuse probability measure defined on ©. We will identify this model
as a hierarchical NRMI-PY process. Notice that both the upr (Teh et al., 2006) and the
hierarchical stable process (Camerlenghi et al., 2019) can be recovered as particular cases.
A key feature of hierarchical species sampling models (1.4), and consequently also

of the NRMI-PY process (5.1), is that with positive probability they induce ties among
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the 0y;’s, because of the almost sure discreteness of both (]5{00) | ]5(()00))
might occur both within and across groups, because the (]5{00) | ]5(()00)) share the same

and py. Ties

discrete baseline measure, for L = 1,...,L. Thus, investigating the a priori clustering
mechanism is of greater importance to highlight possible limitations induced by specific
choices of (f){oo) | ]5(()00)) and ]5(()00). Indeed, compared to the HDP, specification (5.1)
allows for a more flexible modeling of the clustering mechanism while still preserving
analytical tractability: one can resort to the general theory set forth in Camerlenghi et al.
(2019) in order to derive the partially exchangeable partition function, the full posterior
characterization, and a closed form expression for the distribution of the number of
clusters. See also Bassetti et al. (2018) for further developments in this direction. In
addition, formulation (5.1) is also a suitable choice for computational reasons, as we
will discuss in Section 5.4. Indeed, the stick-breaking construction of the py process Py
leads to a simple simulation strategy, both a priori and a posteriori, whereas NRMIs are
a good candidate for each (]5{00) | ]5(()00)) whenever it is relatively simple to study their

finite-dimensional distribution, as discussed in Section 5.2.

An alternative representation of the model in (5.1) highlights a direct connection
with a hierarchical collection of random weights following N1DPr and GEm distributions,
respectively. This approach provides a deeper understanding of the model and, in
addition, has relevant computational advantages. Let us first recall that, in view of the
definition of homogeneous NrRM1 given in Chapter 3, one has

5 =

8
M2

(Blh/gl)é(f)lh/ l= ]/ R L/ (52)

=
Il

1

where (dyy | ﬁéoo]) iid f)g’o), forh>1andl=1,...,L. Moreover, the sequences of random
jumps {(Jin)n>1: L= 1,..., L} are independent from the locations {($ip)ps1: L=1,...,1}

and conditionally independent across groups, given f)(()oo). As for the random baseline

(00)

distribution, we let p, ~ Py(0y, co; P) implying that

(o)
~ (00 ~ id
po = > Eondg,,  Pon ~ P,
h=1

with &y = (&1, &y, .. .) following the stick-breaking construction. From the above construc-

tion, each random probability measures f){oo) charges locations that are sampled from
]5(()00). Because of the almost sure discreteness of ]5(()00), one can equivalently rewrite (5.2)

as follows 00
P =D by, L=l L 53)
h=1
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in which, conditionally on f)(()oo] , the locations ¢}, are fixed whereas the “modified

weights” m = (my, 7y, ... ) are

mw= Y dy/fu h=1,
{j: brj=bon}
forany 1l =1,...,L. Remarkably, the conditional law of the perturbed weights 7, given
]5(()00), can be derived and it follows a NIDP process. This can be easily seen from additivity

of NRMIs, since for any finite and measurable partition {By, ..., B4} of ©,

(ﬁ{oo)(Bﬂ,-- P( '(Ba_1) |P ) <Z7T1y---, Z 7T1j|f’(()00))1

ISUE jeH a1

where H; ={(h >1: ¢on € Bi}, fori=1,...,d, form a partition of N. Then, we have

that
( Z ..., Z sy Ifoéoo)> ~N1D<c Z EojsevesC Z &oj; >,

jeH, jeHa 1 jeH, jeHq

since ]5(()00)(81) = Z;e}( &oj, for any i = 1,...,d. This implies, by definition of a

NIDP, that (m | &) id NIDP(c &, p), for any 1 = 1,...,L. Now let us introduce a
collection of assignment variables Gy; € {1,2,...}, denoting the cluster membership of
each observation, namely 0y; = J)ogu. Then, we express model (5.1) in the following

equivalent form

&o ~ GEM(0y, Co), don i P, h>1, (5.4)
» iy .
(1 | &) X NIDP(C &0, ), (Gy | m) < MULTINOMIAL(m),

fori=1,...nMand1=1,...,L Specification (5.4) in the particular case of the HDP is
already available from Teh et al. (2006) and it is extended here to the NRMI-PY process.
Moreover, such a construction does not use peculiar properties of the ry process, and
it would hold for any other discrete random probability measure ]5(()00). The major
advantage of the py process relies on the fact that the Gem distribution appearing in (5.4)

is analytically and computationally tractable.

5.3.2 Deterministic truncation of the infinite process

Posterior inference for the NRMI-PY hierarchical processes of equation (5.1) is complicated
by the infinite amount of parameters involved in the prior specification. A possible
strategy for circumventing the problem is the marginalization with respect to the random

probability measures f)goo), .. ,f)goo),f)éoo) to obtain generalized Pélya urn schemes that
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are building blocks of Gibbs samplers of the type proposed in Camerlenghi et al. (2019).
This approach is very effective when one wants to approximate Bayesian point estimators
under squared error loss or, more generally, evaluate linear functionals of the underlying
posterior distribution. On the contrary, it is not ideal if one is interested in non-linear
functionals such as those needed for determining credible intervals that are relevant for
uncertainty quantification.

In order to address the issue, we first introduce a deterministic truncation of the

stick-breaking construction of the py process. This obviously has a cascade effect

also on the conditional distributions of the f){oo)’

]5(()00), since they boil down to finite-dimensional random elements, without the need of

s, given such a truncated version of

further approximations. More precisely, we approximate model (5.1) with the following
truncated specification

(o 1) 2 B, i=1,nW =1L,
y
5" 150w~ nwwr(epllyio), 1=1,...,1, (5.5)

~(H
p(()/tr)- ~ PYH(GO, Co, P)/

_(H . .
where p([) tr) ~ PY}(0p, co, P) denotes a truncated py process with H components, as in

Chapter 1 and Chapter 2. Clearly, the truncated measure pyy (0, co, P) converges weakly,
almost surely, to a proper Pitman-Yor process as H — oo, and hence implying also the

weak convergence, almost surely, of the bottom level NrRMis.

An assessment of the effect of such a deterministic truncation can be obtained
by determining an upper bound of the total variation distance between f){oo) of the
hierarchical process (5.1) and its finite-dimensional approximation f){H) in (5.5), for
each 1 = 1,...,L. This can provide some guidance on the value at which H can be
tixed. It is apparent that such an upper bound turns out to be random and we will
rely on its expected value in order to gain some intuitive insight on the accuracy of
the proposed truncation. To this end, we need to recall T;(u) = LR+ sZe Wp(s)ds
and recall that (a), = ala+1)---(a+n—1) denotes the Pochammer symbol. More-
over, we recall that 1 is the Laplace exponent associated to the jump intensity p, i.e.

P(u) = f]m (1—e ) p(s)ds for any u > 0.

Theorem 5 1 Let (f)goo),.. ,p d ) be a hierarchical NRMI-PY process as in (5.1) and let

(f)%H) S ,p d ) be the truncated version defined in (5.5). Then, foranyl=1,...,L,

dry (f’{ ),P( )>
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implying that
(00) ~(H) A co +ooh
E{dn (1) 50") } <Eu) = orTo0T
vV pl pl ( IH) ECO+GO(h_1)+]
In addition, set Ri(H) = [T % and R,(H Hh_ o f;’;ﬁol}) , then

Var (%) = # (¢, 0)R1(H) + (1= Z(c, p))Ra(H) — Re (H)?,

where ¥ (c,p) = ¢ LR+ ue YW, (u)du.

The upper bound % has a simple interpretation: broadly speaking, it consists on the
part of 7 neglected by the truncation, and hence it is sometimes called truncation error in
the exchangeable setting (Arbel et al., 2018). As a natural and intuitive consequence of
Theorem 5.1, we get that dry (ﬁ{oo),ﬁ{H)) 2% 0as H — co. More importantly, the first
two moments of #1 can be used to determine a suitable truncation level H; for example,
one might select the value of H such that the expected value of Z is below a certain

threshold. Some further insight on %y may be gained by using the fact that

(%11 | &) ~ NID <C<1 - i 50h>,C i Eon; p),
=1 =l

so that one can simulate its realizations, conditionally on &. When f)(()oo) is a Dirichlet

process the expected value of the random variable Z goes to zero exponentially fast,
meaning that H has not to be very large in practice. This is illustrated in the following
example.

e ® and oy =0, then f)é}:r) in (5.5) is a truncated

(H)
0,tr”

Example 5.4 (Truncated HDP). If p(s) = s~

(H)

Dirichlet process and the p; * are, conditionally on p iid draws from a Dirichlet

distribution. Specializing Theorem 5.1 we get

E{dw (5 5")} < (COCj 1 )H.

Therefore, on average, the total variation distance dry (f){oo),ﬁ{m) goes to zero exponen-

tially fast as a function of H. Moreover,

Var (Z) = —— d¢ [0 H—(c+1) €0 2H+ o \"
ariFn) = co+2 co+1 co+1 ’
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which is, again, exponentially decreasing as a function of H, implying that the upper
bound Zy is quite concentrated on its expected value for reasonably large values of H.

As apparent from Theorem 5.1, the parameters (cy, 0p) of the (truncated) py process
ﬁéH) directly impact the quality of the approximation. Indeed, the expectation [E(Z )
increases as a function of both cy and oy. However, if oy > 0 the decay is not anymore
exponential, implying that to achieve reasonable approximations we need a larger H,
especially for values of o close to one. This is consistent with the discussions in Ishwaran

& James (2001) and Arbel et al. (2018) in the exchangeable case.
Another natural aspect that is worth pointing out is the dependence between ﬁ{H]

and ]5{],{), for any 1 # 1/, and how this differ from the one associated to the original
hierarchical process specification in (1.4). To this end one can, for instance, evaluate the

correlation between ﬁ{H) (A) and f)'f,'(A) for any A € 2 and truncation level H.

Theorem 5.2. Let (ﬁgH), .. .,]SSH] ) be a hierarchical approximate NRMI-PY process as in (5.5).

Then, for any A € ZB(O) such that 0 < P(A) < 1 and any 1 # 1

(H) Ho(00,co, H)

~ ~ (H) _
Corr{p" () 0 (A} = e A T =Ty O

where ¥ (c, p) is as in Theorem 5.1 and

H-1 h—1
(1—00)2 (co + log)2
j 4 IH -
O(UO Co ) — (1 +C0+(h_1)00)2 E][ (1 +C0+(1_1)0—0)2
H-1
N (co+hop)2
e (T+co+ (h— 1)0—0)2.

Moreover, taking the limit we get limy_,, #(00, co, H) = (1 —0¢)/(1 + co), which en-
tails that Corr(ﬁ{H) (A),ﬁ{l,ﬂ (A)) converges to the actual Corr(ﬁ{oo) (A),ﬁ{?o) (A)), implied
by the model (5.1), as H — oo. It is apparent that the correlation coefficient is always
positive and, unsurprisingly, does not depend on the specific set A as a consequence of
homogeneity of the underlying random probability measures at the different levels of
the hierarchy. As such, it is generally interpreted as an overall measure of dependence

between the random probability measures.

Remark 5.1. Note that the parameters cy and oy do not play the same role as in
the infinite-dimensional case. Indeed, one can show that lim¢, o -#(00,co, H) = 1,
which clearly entails that lim¢; o Corr(f){H)(A),fn{,m(A)) = 1. On the other hand,
it is clear that when H = oo one has the opposite limiting behavior, namely
limey—s00 Corr(ﬁ{oo)(A),f){?o)(A)) = 0, for any 1 # . Similar can be determined when

considering oy — 1. The truncation effect that explains this different limiting dependence
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structure is quite intuitive: when either oy or cy increase more mass is placed on the
(H)
0,tr
mass at ¢gn. To sum up, if we let o (or cp) be fixed and consider the correlation as a

Hth atom of the stick-breaking construction, so that P, .. eventually converges to a point

function of ¢( (or of 0p) it first decreases until it reaches a minimum and, then, increases.

Example 5.5 (Truncated HDP, cont’d.). In the HDP case, the above correlation can be

significantly simplified. Indeed, a straightforward application of Theorem 5.2 yields

(1+¢) <1 +¢o (c§$Z>H_1>

RGN
]+CO+C(1+CO<C03—2> )

In the infinite case H — oo the correlation reduces to (1 +c¢)/(1+co +c), as already

Corr{ﬁ{H) (A),ﬁgﬂ (A)} =

obtained in Camerlenghi et al. (2019). Thus, the truncation of Py induces a perturbation

of the correlation of the HDP through a factor which is exponentially decreasing in H.

5.4 Hierarchical NRMI-PY mixture model

5.4.1 Infinite mixture model

In several applied contexts the discreteness of the hierarchical NRMI-PY prior is not
a realistic assumption. Nonetheless, we can adapt formulation (5.1) by adding a
further level in the hierarchy, giving rise to a mixture model for partially exchangeable
observations. Within the exchangeable framework, this idea was firstly suggested by Lo
(1984), and discussed in practice for instance in Escobar & West (1995) in the Dirichlet
process case, and by Barrios et al. (2013) for general homogeneous NRMIs.

Let Yy fori=1,...,nY and 1 =1,...,L be a sample of observations taking values
in a complete and separable metric space ¥ and let X : Y x ® — R, a transition kernel
such that y — X(y; 0) is a density function on Y, for any 0 € ©, with respect to some
dominating o-finite measure. Exploiting representation (5.4), for any truncation level H

the approximate hierarchical NRMI-PY mixture model is

H - iid
5(() )NGEMH(O‘o,Co), (I)Oh ~ P, h:],...,H,
H). iid iid
(7 | 5(() ) S ND(cEgr, .-, cEor; ), (Gui | ™) ~ MULTINOMIAL(my, . . ., T0H),
ind

(Yli ’ Gli/ J)O) ~ :K(U/ J)OGli)/
(5.7)
fori=1,...,nYand 1 =1,...,L, with ¢y = (bo1,..., Pon) and m = (m1, ..., TH_1),
and where GEM} (0, ¢p) denotes the truncated sequence «S(()H) = (&01,...,&0H_1), asso-

ciated to the aforementioned truncated py process. Also, we set mpy = 1 —|m| for
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1 =1,...,L. Marginalizing over the cluster indicators Gy;, we obtain a finite mixture

representation

H
(Vi |, o) ™ > mnK(y; Pon), (5.8)

h=1
fori=1,....,nY0and 1 =1,...,L. As apparent from equations (5.7)-(5.8), under this
hierarchical constructions the distributions ZE{:] mhXK(y; don) for L =1,...,L share the
same mixture components X(y; don). However, they have different mixing weights 7y,
accounting for heterogeneity across groups. We remark that the conditional density
ZE:1 XK (y; don) is often of direct inferential interest and one may want to obtain its
posterior distribution rather than just confining herself to a point estimate. In this case,
one cannot rely on marginal algorithms that integrate out the random weights 73, and a

different (conditional) sampler must be adopted.

5.4.2 Blocked Gibbs sampler

In this Section we propose a simple Markov Chain Monte Carlo (Mcmc) scheme that
makes use of the approximate specification in equation (5.7) and enables posterior
inference. The algorithms originally proposed for the Hpr in Teh et al. (2006) are
of marginal type, thus being characterized by their pros and cons: very effective for
point estimation, but unreliable when it comes to uncertainty quantification. In the
supplementary material of Fox et al. (2011) a conditional algorithm for the HDP is
discussed, and it is based on a finite-dimensional approximation of ]5(()00] ; however, its
applicability is limited to the HDP case. A general marginal algorithm for hierarchical
NRMI processes and hierarchical ry processes was proposed by Camerlenghi et al. (2019).
In this very same paper, the authors discuss also a conditional algorithm based on a
representation of cRMs that can be traced back to Ferguson & Klass (1972). Its actual
implementation must still rely on some truncation of the underlying infinite-dimensional
process that can be achieved through a specific approach as the one suggested, e.g., in
Arbel & Priinster (2017). Since the representation in Ferguson & Klass (1972) displays
jumps arranged in decreasing order, any truncation rule will retain the most relevant
jumps. On the other hand, any computational procedure based on this construction will
require the inversion of an underlying Lévy measure attainable and this may cause some
computational issues.

The blocked Gibbs sampler we propose does not rely on the augmented scheme
proposed in Camerlenghi et al. (2019) nor it makes use of the (suitably truncated)
Ferguson & Klass representation, while still being a conditional algorithm. Furthermore,
the effect of the approximations can be explicitly assessed a priori thanks to Theorem 5.1.

The main relevant constraint implied by our proposal is the availability of the density
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function p(m | 5(()H)) in closed form since it needs to be evaluated. Nonetheless there
are some noteworthy examples of Nrmi1s that comply with this requirement, namely the
Dirichlet process, the normalized inverse-Gaussian process, and the 1/2-stable process.

See Section 5.2.

We now review the steps of the blocked Gibbs sampler, outlined in Algorithm 2,
highlighting practical difficulties and suggesting possible solutions. Each step represents
a full conditional distribution for a block of random variables, and we will denote with a

1" 7

the conditioning to all the other variables.

Step 1. Observations are randomly and independently allocated to different clusters.
Since we have truncated the sequence of weights EéH] up to the Hth term, the number of
mixture component is finite. In turns, this implies that the normalizing constant can be
obtained as a simple summation of the involved quantities.

Step 2. The mixing probabilities 7 are sampled independently for I = 1,...,L.
Unfortunately, the full conditional p(m | —) is typically not available in closed form.
The only exception occurs when the prior p(m | EOH ) is the conditionally conjugate
Dirichlet distribution, that is, when we assume that (pl ! po ) is distributed according
to a Dirichlet process. Beside the latter particular case, in general we must resort to
a Metropolis-Hastings step. Having tried several different proposal distributions, we
obtained very good performance by working in the unconstrained space log (7 /M),
forany h = 1,..., H—1—and then by applying a componentwise Gaussian random walk.
The variances on the Gaussian proposal were adaptively and automatically selected as in
Roberts & Rosenthal (2009).

Step 3. The baseline mixing weights £éH) are sampled. Notice that the vector E(()H) is a
particular instance of a generalized Dirichlet distribution (Connor & Mosimman, 1969),
and its density is

—1

H-1 H
(] o ’w|)00+00 (H=1)—
plw) = — wh wj Ig, . (w).
[Th=i B(1— 00, o + hoy) }11_[1 J;h e

where B(p, q) is the beta function evaluated at p, ¢ > 0. While the full conditional p(7 |
—) has no closed form—even in the Dirichlet case—we can follow the same sampling
strategy of the previous step, which has been proven to be effective even in this case.

Step 4. The atoms $on are sampled independently for h =1,...,H, proceeding as in the
exchangeable setting and considering only within-cluster observations. The complexity
of this sampling step depends both on the chosen kernel K and on the prior distribution P.
However, if the kernel belongs to an exponential family, then one might adopt a conjugate

prior distribution (Diaconis & Ylvisaker, 1979), and hence simplify the computations.
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Algorithm 2: Steps of the Gibbs sampler

begin

Step 1. Assign each uniti=1,... nWand1=1,...,L, to a mixture
component;

for 1 from 1to d do

for i from 1 ton do

Sample G; € (1,...,H) independently from the categorical variable
with probabilities

Tn K (Vii; $on)

P(Giu=h|-) =
S e K (Y dons)

foreveryh=1,..., H.

Step 2. Update the mixing parameters m, forany L =1,...,d;

for 1 from 1 to d do
Sample 7 independently from the full conditional having density
proportional to

plm| =) ocplm | 50 Hﬂ{lﬁh,

( . .
where ny, = Z?:a 1(Gy; = h), and where 1(-) denotes the indicator
function.

Step 3. Sample the baseline mixing parameter £éH] from the full conditional
having density proportional to

d

p(ey” 1 -) ocp(ey™) [T plm 1 €5).

1=1

Step 4. Update the kernel parameters Pon, for anyh=1,...,H;

for h from 1 to H do

Sample the kernel parameters bon independently from the full conditional
having density proportional to

p(bon | =) o p(don) [ (Vi don),

(L1 eGh

where G, ={i=1,...,nU,1=1,...,L: G; = h.
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As a final remark, we notice that the deterministic truncation allows for the implemen-
tation of other well-established Mmcmc techniques, essentially because it shifts the original
nonparametric formulation to a finite-dimensional problem, whose likelihood and prior
distribution can be readily evaluated. As such, automatic tools like staN (Carpenter

et al., 2017) might be used for posterior inference.

5.5 Simulation study

To assess the empirical performance of model (5.7) and the associated Gibbs sampling
algorithm, we conduct a simple simulation study. The target of this analysis is the
comparison between the HDP and more general hierarchical processes in terms of
inference on the clustering structure of the data.

We consider a total of n = 2500 observations divided in L = 5 different groups,
each having a different sample size, precisely (M, ..., n®) = (750,50, 750,200, 750).
Within group, the simulated data are iid draws from a group-specific finite mixture
of Gaussian distributions, whereas across groups they are independently sampled.
The Gaussian mixtures densities were chosen so that different groups share some
mixture components. In particular, there are a total of 7 latent Gaussian mixture com-
ponents having mean parameters (—2.5,—1.5,—1,0,1,1.5,2.5) and standard deviations
(1.2,0.7,0.25,0.25,0.25,0.7,1.2), which are split over the L = 5 groups, as reported in
Table 5.1. For instance, the mixture component with 0 mean and standard deviation 0.25
is shared by all the groups. The mixing proportions are not uniform within groups nor
equal across groups: this means, for example, that some mixture components are specific

of two groups but they are not shared by the other three.

Mixture component
1 2 3 4 5 6 7
1/00 01 00 06 03 00 0.0
2/01 00 00 05 04 0.0 0.0
Group 3|01 00 03 03 0.0 03 0.0
400 02 02 0.5 0.0 0.1 0.0
5/00 00 00 04 0.4 0.0 0.2

Table 5.1: True mixing proportions of the simulated data for each group 1 = 1,...,5, and for each
of the 7 mixture components.

In the hierarchical mixture model (5.7), we employ a Gaussian kernel X(y;0) =

N (y; 1, T "), and we choose a conditionally conjugate prior distribution for the parame-
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ters (W, T), so that their baseline measure is
P (dw, dt) = Pi(du)P; (d1),

where P; is a Gaussian distribution with mean 0 and standard deviation 10, whereas P,
is a Gamma distribution with parameters (1,1). To simplify our treatment, we decided
not to place any hyperprior distribution on the parameters in P, although this further
hierarchical layer could be easily handled with a straightforward modification of the
blocked Gibbs sampler in Algorithm 2.

We fitted four different hierarchical mixture models to the same simulated dataset,
for different choices of the jump intensity p(s) and of the hyperparameters c, ¢y and
0o, whose value are presented in Table 5.2. These models include: i) a hierarchical
Dirichlet Process (HDP); ii) a hierarchical Dirichlet and Pitman-Yor process (HDP-PY); iii) a
hierarchical 1/2-stable and Pitman-Yor process (HST-PY); iv) a hierarchical normalized
inverse Gaussian and Pitman-Yor process (H1G-PY). Notice that in the 1/2-stable case
the total mass parameter is irrelevant and therefore it was omitted. We fixed a common
truncation level H = 250, which we found to be sufficiently large to guarantee a good
approximation of the infinite hierarchical mixture model. Indeed, in Table 5.2 we also
report the expected value of upper bound #y, defined as in Theorem 5.1, which in the

worst case scenario is approximately equal to 0.06.

Model c co op Correlation Expected # of clusters E(Zn) H

HDP 18 13 o0 0.59 ~41 <107® 250
HDP-PY 7 5 0.5 0.43 ~ 40 0.042 250
HST-PY - 7 05 0.12 ~ 39 0.057 250
HIG-PY 25 2 0.5 0.50 ~ 40 0.020 250

Table 5.2: Hyperparameter settings for each hierarchical mixture model. The correlation
coefficient is evaluated using Theorem 5.2. The expected number of cluster is obtained via
Monte Carlo simulations, averaging over 100’000 values from the truncated prior. The expected
value of the upper bound Z#1, defined as in Theorem 5.1, is also reported.

The hyperparameters c, ¢y and oy were selected so that peculiar characteristics of
each model can be appreciated—especially compared to the HppP. In particular, the
a priori expected number of cluster—obtained via Monte Carlo after averaging over
1007000 draws from the truncated prior in (5.5)—is centered approximately around 40,
as reported in Table 5.2 and depicted in Figure 5.1. That is, we set on purpose the a
priori expected number of cluster to be much higher than the true number of mixture
components. An extensive description of the underlying clustering behaviors is beyond

the aim of this thesis, and one can refer e.g. to Lijoi et al. (2007); De Blasi et al. (2015)
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Figure 5.1: Top figures: a priori distribution of the number of cluster, based on 100’000 simulations
from the truncated prior. Bottom figures: a posteriori distribution of the number of clusters,
based on 20’000 mcMc draws. Both top and bottom figures refers to the models in Table 5.2.

in the exchangeable case and to Camerlenghi et al. (2019) in the partially exchangeable
setting with hierarchical processes. To our purposes, it suffices to notice that the a priori
distribution of the number of cluster is much “flatter”—i.e. less informative—in general
hierarchical mixture models compared to the one of the HDP, as empirically evidenced in
Figure 5.1. This is due to the stable parameter oy in the Pitman-Yor specification, but
also to the specific choice of jump measure p. For example, as mentioned in Section 5.2,
the normalized inverse Gaussian distribution might be regarded as less informative
compared to the Dirichlet, essentially leading to a flatter cluster configuration. Thus,
we aim at showing that hierarchical models beyond the HDP might be more robust in
identifying a suitable number of cluster components, especially in severely misspecified
prior settings. This behavior was already noticed in Lijoi et al. (2007) for exchangeable

data, and extend to the case of truncated hierarchical processes.

We run the chain for 200’000 iterations—after a burn-in period of 100’000 draws—
and we thin the chain every 10 iterations, thus comprising a total of 20’000 posterior
samples. The traceplots show good mixing and no evidence against convergence. As
expected, the posterior distribution of the number of clusters—depicted in the bottom row
of Figure 5.1—differs across models: in the HDP the values having highest probabilities
are located between 10 and 12, whereas in all the other cases the posterior distribution
is shifted towards 7, the correct number of mixture components. This is particularly

evident in the HIG-PY case, whose a priori distribution was indeed the less informative.
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5.6 Illustration

To further corroborate the practical relevancy of the proposed conditional algorithm, in
this section we discuss an application of the NRMI-PY process to latent class analysis, in
presence of qualitative covariates (Lazarsfeld & Henry, 1968; Goodman, 1974; Hagenaars
& McCutcheon, 2002). As an illustration, we analyze the dataset presented in Stouffer
& Toby (1951) and reported in Appendix 5.7. This has been the object of several
investigations (e.g. Goodman, 1974, 1975; Clogg & Goodman, 1986; Hagenaars &
McCutcheon, 2002) through latent class analysis, and from a frequentist perspective. The
data are based on a short questionnaire completed by n = 648 undergraduate students
at Harvard and Radcliffe, in 1950. Four ethical dilemmas, denoted as A,B,C and D,
were posed to these students: a response coded as 1 represents a preference towards
particularistic values, and viceversa 0 indicates a preference towards universalistic values.
The questions were presented in slightly different forms to L = 3 independent and

2 = n® = 216. The first group

equally sized groups of students, meaning n!!) = n!
received each dilemma so that it refers to themselves (EG0), the second group so that it

refers to a stranger (SMITH), and the third group so that it refers to a friend (FRIEND).

Clearly, some degree of agreement of the responses among different groups is
expected, since the ethical dilemmas are the same. Nonetheless, the three groups should
not be treated as identical, because the way in which each dilemma is posed might
influence the response. Hence, within a Bayesian framework, the partial exchangeability
assumption seem fairly natural in this setting, and it provides practical advantages. In
particular, it allows to borrow information across groups and therefore to take stronger
inferential conclusion compared to single-group analyses. Relying on the notation of
Section 5.4, we assume that our observations are drawn from a collection of partially
exchangeable binary random vectors Yy; = (Yii1,..., Yia) € {0,1}4, fori=1,...,216 and
1 =1,2,3, where the components of each Y; refer to items A,B,C and D, respectively.

Latent class models are essentially mixture models in which, given a latent class
(cluster) indicator Gy;, the qualitative random variables (Y1, ..., Yis) are mutually
independent. However, as noted in Dunson & Xing (2009), in this setting it is not
straightforward to obtain a well-justified estimate for the number of mixture components.
In addition, they proved that any probability mass function P(Y;; = yyii) can be
represented in terms of a latent class mixture model, when the number of mixture
components is large enough. This leads us to assuming a mixture model with infinitely
many components that we truncate up to the Hth term, thus obtaining a flexible and
theoretically justified model for contingency tables. Hence, we can extend the approach

of Dunson & Xing (2009) to the partially exchangeable setting, whereby d groups of



120 Chapter 5. Computational advances for hierarchical processes

contingency tables are observed and a product of multinomial kernel in the NRMI-PY

mixture model of equations (5.7)-(5.8) is specified. More precisely

ind

H 4
Vi~ PVu=yu,-- Yu =yu | m,d0) = )_mn | [ [ o (1—dow) ¥ |, (5.9)
1 =1

independently fori=1,...,216,and 1 = 1,2, 3, where m = (m, ..., mp) has the same
hierarchical prior distribution as in equation (5.7) and where ¢y = (o1, ..., on) is such
that don = (Pont, ..., Pona) for any h = 1,...,H. As for the baseline measure P, we
selected a uniform prior over the space (0, 1 )4, which is conditionally conjugate and
hence facilitates posterior computations. A possible alternative specification for P consists
of independent beta distributions, for j =1, ...,4, which would still preserve conjugacy
while allowing for the inclusion of more specific prior information in the model.

As for the prior setting of 7, we specified a hierarchical normalized inverse-Gaussian
and stable process (N1G-sT), with hyperparameter settings ¢ = 1/2, ¢ = 0 and oy = 3/10
and with a truncation level H = 150. We achieve a good approximation of the infinite
dimensional process, since E(Z1) < 10~4. Moreover, this specification induces high
correlation a priori (to be meant in terms of the statement of Theorem 5.2) among the
random probability measures f){H) (= 0.86): this is consistent with our prior belief that
the same ethical dilemma should lead to very similar responses, regardless the way it
was presented. The a priori expected number of cluster, evaluated via Monte Carlo, is
approximately 3.9; however, the a priori distribution of the number of cluster is quite
dispersed, consistently with the findings of previous analyses, which indeed do not
provide a univocal recommendation about the number of latent components (Stouffer &
Toby, 1951; Goodman, 1974, 1975; Clogg & Goodman, 1986).

Posterior inference was conducted via McMmc, using the blocked Gibbs sampler
described in Section 5.4. We run the chain for 200’000 iterations—after a burn-in period
of 50’000 draws— and we thin the chain every 10 iterations, thus comprising a total of
20’000 posterior samples. The traceplots show good mixing and no evidence against
convergence.

In Clogg & Goodman (1986) it is suggested that these dilemmas can be ordered
(D - C — B — A), according to a Guttman scale. This means, for instance, that a
negative answer to C should imply, on average, also a negative response to dilemmas
B and A. While such an assumption greatly simplifies the analysis, it seem clear from
the subsequent results that it can only provide a reasonable approximation of the
phenomenon. Indeed, we aim at studying for instance the conditional probability of
B =1 given that C = 0,D =1 for each group of respondents, which should be close to

zero under the Guttman scale assumption. As it will turn out, these probabilities not
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Figure 5.2: Posterior distribution of T;, group: EGO. Top: posterior distribution of 7y under
the alternative multinomial formulation. Bottom: posterior distribution of 7y under the HiG-sT
mixture model of equation (5.9).

only are away from zero, but they are also significantly greater than 1/2. More formally,

we are interested in the posterior distribution of
T =P(Ya=1[Y3=0,Yiu=1,m, o),

for any group 1 = 1,2, 3, and given the data. Once more, we remark that the posterior dis-
tribution of each T can be obtained only through conditional algorithms, which therefore
represent the only possible choice to conduct inference in this specific application.

In Figure 5.2 we compare the posterior distribution of 71y (EGO group) obtained using
the aforementioned HIG-sT model in equation (5.9), with the posterior distribution of Ty
obtained under a much simpler multinomial model. More precisely, under the alternative
model we treat the 2* = 16 possible combination of responses as mutually exclusive
categories. Among groups, we assume full heterogeneity—i.e. independence—whereas
within group observations are conditionally iid draws from a multinomial distribution
having 16 possible outcomes, and with a uniform prior. In both cases, the posterior
distribution of T; is far from zero, suggesting that the Guttman scaling adopted in

Clogg & Goodman (1986) should be interpreted with care. However, as apparent from
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Figure 5.2, our HIG-sT model is able to substantially reduce the posterior uncertainty
compared to the benchmark multinomial model. Essentially, this is due to two reasons: i)
the latent class representation of equation (5.9), albeit flexible, allows for a parsimonious
characterization of the distribution function P(Y; = y;) compared to the alternative
multinomial formulation (Dunson & Xing, 2009); ii) in our hierarchical formulation
we flexibly borrow information across the three groups, and this translates in a lower
variability of the the posterior distribution. The posterior distributions of T, 713 for other
groups (SMITH, FRIEND), lead to similar conclusions.

5.7 Appendix

Proof of Theorem 5.1

Recall that (p1 ), ]5((100)) comes from a hierarchical NRMI-PY process as in (5.1).

Moreover, let (pg ), .. ,p d ) be the hierarchical approximate process NRmI-PY defined
in (5.5), with truncation level H. Then for any A € 2, and exploiting representation (5.3),

we have that almost surely
f)g(w) (A) = f){H) (A)‘ - Z 7Tlh5¢,0h (Z ﬁlhé(bml ( Z ﬂlh) ¢>0H ) ‘
- ﬂlHé(f)OH(A) T Z ﬁlhé&)Oh( ( Z 7T1h> CPOH

h>H

= |84 (A) Z Th — Z Tndg,, (A)

h>H h>H

< Z Tih = ZH-

h>H

Note that ) oy T = D hop Thdyg o (A) almost surely. Hence, if 5 ont (A) =0 a.s., then
the last inequality easily follows, and the same holds true if 55 (A) =1 almost surely.
Hence,

drv <]5{OO)II3£H)> = sup ‘Pl A)— ﬁ{H)(A)‘ <SAu=) mn,
AL h>H

almost surely. Moreover, notice that

H H
(Z Th | E()) ~ NID (C (1 _Z£Oh> ICZEth; P) ’
h=1 h=1

h>H
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from which it follows that the expected value is equal to

(5] o)) o 2 flessithn

h>H h>H h>H h=1

Now recall that .#(c,p) = ¢ J]R+ ue~ VW, (u)du with t,(u) = LR+ s2e Up(s)ds and let
HoH = Zh>H Eohs then

Var (#Z1) = E {Var <Z Th | 50) } + Var {IE <Z T | £0> }
h>H h>H

= 7 (e, )E(Zon) +{1 — (¢, p)JE (%) — E(Ron)?,

where E(Zo1) can be computed as before and

H H
_ 2\ (co + ooh)2
() - T {0} Tt

Proof of Theorem 5.2

First of all, notice that the expected value of the truncated Pitman-Yor process

f)é':r) ~ PYH(0p, co, P), for any A € #(0O) and any H > 1, is equal to the baseline measure

H H
E(Fyn(A) = Y E(Eon)E{s, (A))=P(A) Y E(&n) = P(A).
h=1 h=1

Moreover, one can show that
H
Var(py o (A)) = P(A)1 —P(A)} Y E(&3,),
h=1

forany H=1,2,...,and A € 2. Define .%(0y,co,H) = Y ., E(£3,) and recall that
(e, p)=cf R, ue~ VW, (u)du with t(u) = IR+ s’ %$p(s)ds. From Proposition 1
of James et al. (2006), one has that Var(f){H)(A) | ]5(()]’:2) = P(A){1 —P(A)}.#(c, p) for any
A € #(0). Hence, forany 1 =1,...,L,

var(p{" (A)) = E(Var(p}" )|ﬁéﬁ‘3))+Var(ﬁé‘jﬂ(An

(A
= 7 (c, p)Elpyr (A)1 — Py (A + P(A)T —P(A)}A o0, co, H)
( ){1 - (A)}{j(c, p) —f(c, p)jO(O—O/ Co, H) +°ﬂ0(O—O/CO/H)}'
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Moreover, following Camerlenghi et al. (2019, Appendix A.1), for any 1 # 1/

Cov{p," (A), pIH(A)} = Var{py . (A)} = P(A)1 — P(A)}.A (o0, co, H),

from which it follows that

’]O(O—OI Co, H)

~(H) ~H —
Corr{Py(A), P (AN} = e e o I — 7 (<, 0)).

It remains to find the explicit formulation of .#(0oy, co, H), being equal to

E(
1
— 5 (1—00)2 ]ﬁ (co + lop)a
(T4+co+(h—T1)op)2 1 (T4+co+(1—1)og)2

H-1
(co+1op)2
- (H i +co+(1—1)oo)z>‘

=1

Notice that all the above results hold also for the infinite case, having replaced
Fo(09, co, H) with its limit .%,( 0y, cg), so that

Hl_i&loofo(ffolcof ) = Ho(00, ¢o) (Z‘i ) Z]E<E ) 1+co

where the last equality follows for instance from Ishwaran & James (2001, Appendix
A.2).

Dataset

We report in Table 5.3 the dataset used in the illustrative analysis of Section 5.6 and
originally presented in Stouffer & Toby (1951).
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A B C D|EGO SMITH FRIEND
0 0 0 0| 42 37 35
0O 0 o0 1 23 31 17
0O 0 1 O 6 6 9
o o0 1 1 25 15 26
0O 1 0 O 6 5 3
o 1 0 1 24 29 27
o 1 1 O 7 6 3
o 1 1 1 38 25 32
1 0 0 O 1 2 3
1 0 0 1 4 4 5
1 0 1 O 1 3 2
1 0 1 1 6 4 5
1 1 0 O 2 3 0
1 1 0 1 9 23 20
1 1 1 O 2 3 3
1 1 1 1 20 20 26
Total 216 216 216

Table 5.3: The Stouffer & Toby (1951) dataset. We report the frequencies for each possible
combination of the 2% = 16 responses, divided over the the three groups EGO, SMITH and FRIEND.






Chapter 6

Computational advances for logit stick-breaking

priors

6.1 Summary

The chapter is organized as follows. In Section 6.2 we introduce the logit stick-breaking
prior process (LsBP) and we formalize its sequential characterization. In Section 6.3
three computational routines for the LsBpP are derived, namely a Gibbs sampling, an
EM algorithm and a variational Bayes algorithm . All these methods are based on the
sequential representation and on the Pdlya-gamma data-augmentation. Theoretical
developments about the Pélya-gamma data-augmentation will be presented in Chapter 7.
In Section 6.4 these methodologies are illustrated in a toxicological application.

6.2 Logit stick-breaking prior

This section presents a formal construction of the LsBr via continuation-ratio logistic
regressions. As a natural extension of model (1.7), we consider the general class of
predictor-dependent infinite mixture models

J, xetuierpatae Zah Ko (3 Bv), (6.1)

where &p(x) = vn(x) ]_[{L;]U — vi(x)} are predictor-dependent mixing probabilities
having a stick-breaking representation, whereas X, (y; 0) denotes a predictor-dependent
kernel, indexed by the parameters 0 and the covariates.

Let us first consider an equivalent formulation of the predictor-dependent mixture
model in (6.1). In particular, following standard hierarchical representations of mixture
models, independent samples Y7, ..., Y, of the variable with density function displayed

127
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Gi=1 Gi>1
Gi=2 Gy >2
Gi=3 Gy >3

Figure 6.1: Representation of the sequential mechanism to sample G;.

in (6.1), can be obtained from

, h—1
(V| Gi=ha) ™ Koy (y; br), P(Gi=hla) =val@) [[1—vil@)),  (6.2)
1=1

for each uniti = 1,...,n, where ¢y id P, whereas G; € N is the categorical variable
denoting the mixture component associated with the ith unit. According to (6.2), every
Gi has probability mass function p(G; | zi) = [ [ 7th () 167 where 1(-) denotes the
indicator function. Hence, re-writing {vy (i) }n>1 as a function of the mixing probabilities

{En(i) 1 via

_ Enlxi) __P(Gi=h|=z)
1— Z{l;]] m(wi) ]P(Gi >h—1 | wi)’

Vh(i) h>1, (6.3)
allows to interpret each vy (x) as the probability of being allocated to component h,
conditionally on the event of surviving to the previous 1,...,h —1 components, namely
vh(xzi) = P(Gy = h | G > h—1,x;). This result provides a formal characterization of
the stick-breaking construction in (6.2) as the continuation-ratio parameterization (Tutz,
1991) of the probability mass function for each component membership variable G;. This
connection with the literature on sequential inference for categorical data is common to
all the stick-breaking priors—as mentioned also by Rodriguez & Dunson (2011) in the
probit case.

As we will describe in Section 6.3, the above result facilitates the implementation of
different routine-use algorithms in Bayesian inference, and provides a simple generative

process for each G;. In particular, as illustrated in Figure 6.1, in the first step of this
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continuation-ratio generative mechanism, unit 1 is either assigned to the first component
with probability vi(x;) or to one of the others with complement probability. If G; =1
the process stops, otherwise it continues considering the reduced set {h : h > 1}. A
generic step h is reached if i has not been assigned to 1,...,h — 1, and the decision at
this step will be to either allocate i to component h with probability vy (i), or to one
of the subsequent components with probability 1 — v, (x;), conditioned on G; > h—1.
Based on this representation, the assignment indicator (i = 1(G; = h) can be expressed,
for every uniti=1,...,n, as

h—1

Gh=zn] [(1—z), h=>1, (6.4)
=1

where the generic zin, h > 1, is a Bernoulli variable (zj | ;) ~ Bern{vy(z;)} denoting the
decision at the hth step to either allocate i to component h or to one of the subsequents.
Hence, according to (6.4), the sampling of each G;, under the predictor-dependent
stick-breaking representation for each &;(xi) in (6.2), can be reformulated as a set
of sequential Bernoulli choices with natural parameters nn(x;i) = logit{vy(xi)} =
log[vh(xi) /{1 — vn(xi)}] under an exponential family representation. Hence, we can

write

 explnmle
Bl = T e ml}H{wexp{m wl)}l h=1, (©.5)

allowing each ny(x) to be explicitly interpreted as the log-odds of the probability of
being allocated to component h, conditionally on the event of surviving to the first
1,...,h—1 components. This result might be helpful in driving prior specification for
the stick-breaking weights, while allowing recent computational advances in Bayesian
logistic regression (Polson et al., 2013) to be inherited in our density regression problem.

To conclude our Bayesian representation, we require priors for the log-odds ny (i),
h > 1 in the continuation-ratio logistic regressions. A natural choice, which is con-
sistent with classical generalized linear models (e.g. Nelder & Wedderburn, 1972),
is to define np(x;) as a linear combination of selected functions of the covariates
Br(xi) = {Ba(xi),...,Bam, (xi)}T and consider Gaussian priors for the coefficients,
thus obtaining

NMn(zi) = Ba(xi)Tyn,  with v ~ Ny, (1, Xy ), h>1. (6.6)

Although the linearity assumption in (6.6) may seem restrictive, note that flexible

formulations for ny(z;), including regression via splines and Gaussian processes, induce
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linear relations in the coefficients. Moreover, as we will outline in Section 6.3, the linearity
assumption simplifies computations, while inducing a logistic-normal prior for each
vh(xi). Although such a prior can closely approximate Dirichlet distributions (Aitchison
& Shen, 1980), the logit stick-breaking does not induce beta distributed stick-breaking
weights, and therefore it cannot be included in the class discussed by Ishwaran & James
(2001). However, one can easily adapt the theoretical results in Rodriguez & Dunson
(2011) to our logit link. For example, the infinite summation of the mixing weights is
such that } 7, &n(xi) = 1 almost surely for any € X; see the Appendix for details.
Moreover, the LsBP is highly similar in its probabilistic nature and properties to other
popular predictor-dependent stick-breaking constructions. In particular, PsBr can be
approximated by LsBP, and viceversa, up to a simple transformation of the prior for each
~h- This is a natural consequence of the well known relationship between the probit and
the logit function (Amemiya, 1981), since the mapping {1+ exp(—B;(x )Tv1) )~ can be
roughly approximated by ®{B;(z)Tyn/7/8}. This is summarized in Remark 6.1.

Remark 6.1. The logit stick-breaking prior in (6.6), can be approximated by a probit stick-

breaking process vy (x) ~ O{B(x)Tyn}, with 4, = ynh/71/8 ~ Nm,{\/71/8 sy, (71/8) X},
for every x € X and h > 1.

Hence, a researcher considering a rsBP could perform approximate inference leveraging
our algorithms, after rescaling the prior for each v, by /8/7. Moreover, this link suggests
that the O(logn) growth of the number of clusters found in empirical studies on the
rsBP, should hold also for LsBP.

6.3 Bayesian computational methods

Although the LsBP and the associated computational procedures apply to a wider set of
dependent mixture models and kernels, we focus, for the sake of clarity, on the general

class of predictor-dependent infinite mixtures of Gaussians
| i B (178, 0)pldp, a) - Zah IN(y B1 () B, %), 6.7)

where T, = 6%1 is the precision parameter, whereas Brn = (P1n, ..., PMn)T denotes a
vector of coefficients linearly related to selected functions of the observed predictors
Bi(x) = {Bn(x),...,Bim, (z)}T. Formulation (6.7) provides a flexible construction
(Barrientos et al., 2012; Pati et al., 2013), and is arguably the most widely used in Bayesian
density regression. As mentioned in Section 6.1, we provide here a detailed derivation
of three computational methods for Bayesian density regression under model (6.7),

with logit stick-breaking prior (6.6) for the mixing weights. In particular, we consider
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a Gibbs sampler converging to the exact posterior, an expectation-maximization (Em)
algorithm for point estimation, and a mean-field variational Bayes (vB) approximation
for scalable posterior inference. The algorithms associated with these methods are
available at https://github.com/tommasorigon/LSBP, along with the code to reproduce
the application in Section 6.4.

In the classical predictor-independent mixture of Gaussians framework, these compu-
tational methods are closely related, and relevant connections can be drawn also with
k-means and Bayesian k-means algorithms (Bishop, 2006; Kurihara & Welling, 2009).
A summary of these relations is depicted in Figure 1 of Kurihara & Welling (2009).
Broadly speaking, these strategies differ in how they handle unknown parameters and
the involved latent quantities, either through maximization or by taking expectations.
These connections are paralleled in the LsBP model, although our focus is mainly on
Gibbs sampling, EM and vB.

Before providing a detailed derivation of these different algorithms, we first study
a truncated version of the random probability measure ., which will be employed as
an approximation of the infinite process. Indeed, although Gibbs samplers for infinite
representations are available (Kalli et al., 2011), developing EM and vB algorithms is not
straightforward. In line with Rodriguez & Dunson (2011) and Ren et al. (2011), we develop
detailed routines based on a finite representation. In particular, we model the first H — 1
weights vi(x),..., vy_1(x) and let viy(x) = 1 for any = € X, so that ZE:] En(z) = 1.
Based on Theorem 6.1 below, this choice provides an accurate approximation of the
infinite representation for sufficiently large truncations H.

Theorem 6.1. For a sample Y = (Y1,...,Yn)T with covariates X = (x1,...,xn)7, let

n H
my (Y) =E {H > En(@)N(Yy; By ()T, 7 )} :

i=1 h=1

be the marginal joint density arising from a truncated LsBP prior with H components, and

define with m(;o) (Y') the same quantity in the infinite case. Note that in the above formula the

expectation is taken with respect to the LsBP prior law. Then

ImS (V) —mT (V)i <430 —Evi (@),

i=1
where || - ||; denotes the L'=norm.

According to Theorem 6.1, for fixed sample size n and covariates X, the L' distance

between m(;;) (Y) and mgzo) (Y') vanishes as H — oo, implying that the marginal density

m[)];) (Y') converges to m()(zo) (Y'). This rate of decay is exponential in H, and therefore


https://github.com/tommasorigon/LSBP
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the number of components does not have to be very large in practice to accurately
approximate the infinite representation, thus motivating computational methods based

on truncated versions.

6.3.1 MCMC via Gibbs sampling

In deriving a Gibbs sampler for model (6.7) we focus on a dependent mixture of
Gaussians with fixed H, and exploit the hierarchical representation (6.2) along with
the continuation-ratio characterization of the logit stick-breaking prior, given in Section
6.2. Under these constructions, the joint law for the augmented model (6.2) and its
parameters becomes

H H-1
p(BIp () [ [T INOVG Bl A, MO | [vn @) S0 — w10,
i=1 h=1 heT

(6.8)
with p(v)p(B)p(F) = HE;]] P(Yn) H]T:1 p(Br)p(h) denote the prior laws of the parame-
ters comprising v, 8 and 7. As is clear from (6.8), given G = (Gj, ..., Gn), sampling of Bh
and 1, for h =1,..., H, requires standard methods for Gaussian linear regression within
each mixture component, as long as conditionally conjugate priors By ~ N, (pp, Xp)
and Ty ~ GA(ag, bg), or normal-gammas for the pair (Bn, tn), are employed. Here we
focus on the first choice to keep notation more compact.

The updating of the v parameters, for h = 1,...,H — 1, relies instead on a set of
separate Bayesian logistic regressions with responses ziy, = 1 when G; = h and z;, =0
if G; > h, for those units i having G; > h — 1, thus allowing parallel sampling from the
full-conditional of each 1. Adapting results from the recent Pélya-gamma data augmen-
tation scheme (Polson et al., 2013) to our statistical model, these updatings can be easily
accomplished by noticing that vy (x;)*"{1 — vy ()P E = LR+ Pz (Zin) Pz, (Win)dwin,
with laws pg, (zin) and pg, (win) defined as

0.5 exp{(zin — 0.5)B2(x)Tyn}
cosh{0.5B; (x;) Ty}

exp[—0.5{B; (i) Tyn P winlp(win)
[cosh{0.5B; (i) Tyn}] ™ ’
(6.9)
foreveryi: Gy >h—land h =1,...,H—1. In (6.9), pg,(win) and p(wip) are the

Pz (zin) = , Pa; (Win) =

density functions of the Pélya-gamma random variables rG{1, B, (x;)Tyn}, and rG(1,0),
respectively. Hence, based on (6.9), the contribution to the augmented likelihood for each
pair (zin, wip) is proportional to a Gaussian kernel for transformed data (zij, —0.5)/win,
provided that pg, (zin)pa; (win) o expl(zin — 0.5)Ba (i) Tyn — 0.5{B(x;) Tyn}*win). This
allows conditionally conjugate updating steps for each =}, under a classical Bayesian
linear regression framework. Refer to Choi & Hobert (2013); Wang & Roy (2018a,b) for
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further theoretical properties of the Pélya-gamma scheme. Finally, note that in (6.9),
the latent indicators z;;, and the Pélya-gamma random variables wjy, are conditionally
independent given the coefficients v, for i : G; > h —1. This is in contrast with the
data augmentation underlying the rssr, which would lead to more complex calculations,

especially in the EM and vB algorithms discussed in Sections 6.3.2 and 6.3.3.

The detailed steps of the Gibbs sampler for the truncated representation of model (6.7)
are outlined in Algorithm 3. In this routine, By, and By, denote the ny, x Mj and the
fip, X M, predictor matrices in (6.7) and (6.6) having row entries B1(x;)T and B, (x;)T, for
only those statistical units i such that G; = h and G; > h —1, respectively. We shall also
emphasize that Step 1 can be run in parallel across units i = 1,...,n, whereas parallel
computing for the different mixture components can be easily implemented in Step 2,
Step 3 and Step 4.

6.3.2 EM algorithm

In high-dimensional studies, the Gibbs sampler described in Section 6.3.1 could face
computational bottlenecks. If a point estimate of model (6.7) is the main quantity of
interest, for example for prediction purposes, one possibility is to rely on a more efficient
procedure specifically designed for this goal, such as the Em (Dempster et al., 1977). The
implementation of a simple EM for a finite representation of model (6.7) under the LsBr
prior benefits from the P6lya-gamma data augmentation, which has analytical expectation
and allows direct maximization within a Gaussian linear regression framework. Note
that, although the Em algorithm is commonly implemented for maximum likelihood
estimation, it can be modified to estimate posterior modes (e.g. Dempster et al., 1977).

The proposed M in Algorithm 4 alternates between a maximization step for the
parameters (v, 3, 7) and an expectation step for the augmented data (¢;, @;),i=1,...,n,
with ¢; = {G1 = 1(Gy = 1),...,Gn = 1(Gy = H)}T the vector of binary indicators
denoting the membership to a mixture component, and w; = (i1,..., DiH_1)T the
corresponding Pélya-gamma augmented data. Although this data augmentation parallels
the one described for the Gibbs sampler, we adopt a slightly different notation for the
Pélya-gamma random variables @;p, to emphasize that we are considering n units, and
not only those for which the cluster indicators G; > h — 1. Indeed, in line with the Em
rationale, we do not condition on the membership indicators and on the Pélya-gamma
latent random variables, but we rather take expectations with respect to their conditional
distributions. For the same reason, in this case we work directly with the component

indicator variables ¢; instead of the binary vectors z; = (zi1,...,zin—1)T in (6.4).
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Algorithm 3: Steps of the Gibbs sampler for the LsBP

begin

Step 1. Assign each uniti =1,...,n to a mixture componenth =1,..., H;
for i from 1 ton do

Sample G; € {1,...,H} from the categorical variable with probabilities

R
P(Gi =h|—)oc |va(a) [ [{T—vi(@)}| N(Yi; B ()T Bn, 7, ',
1=

foreveryh=1,..., H.

Step 2. Update the parameters v, for h =1,...,H — 1 exploiting the
continuation-ratio representation and the results from the Pélya-gamma data
augmentation in (6.9);

for h from 1 to H—1 do

for every i such that G; >h—1 do
| Sample the Pélya-gamma data wip from (win | —) ~PG6{1, B (i) Tyn}-

Given the Pélya-gamma data, update =}, from the full conditional

(7]’1 | _) ~ NMz(u"‘/hIE"yh)/

oy, = 0 (Bl R+ 2 'y}, X, ={B], diag(wi1, ..., win,)Ban + 2, '},
where ¥y, = (z47 —0.5,.. -, Zify, —0.5)T, with zi;, =1if Gy =hand zi;, =0 if

. Gi>h

Step 3. Update the kernel parameters By, h =1, ..., H, in (6.7), leveraging standard
Bayesian linear regression;

for h from 1 to H do
Sample the coefficients comprising 3, from the full conditional

(Br [ =) ~Nm, (1g,, X5, )

with I N Egh{”th;rth + Zﬁ_] [,l,ﬁ}, Eﬂh = {%hB}thlh + 25_]}_1, and Y,
the ny x 1 vector containing the responses for all the units with G; = h.

Step 4. Update the precision parameters ¥y, h =1,..., H of each kernel in (6.7);

for h from 1 to H do
Sample Ty from

(fn | =) ~calag+05) 1(Gi=h),be+05 > {Yi—B;(z:)TBn}.
i=1 :Gi=h
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Algorithm 4: Steps of the Em algorithm for the LsBp

begin
Let ("), B8("), #(*)) denote the values of the parameters at iteration .

Step 1: Expectation. Exploiting results in (6.11), the expectation of (6.10) with respect
to the augmented data ({i, @i), for eachi=1,...,n, can be obtained by plugging in

CI(T) = IE(Cl |y1'./ aZi,B(ri”,i’(Tiu) and (L‘I(T) = IE(‘DL | T, Ci(r)lﬂy(rin) in (6'11)'

forifrom1ton do
for h from 1 fo H do

Compute C&) by applying the following expression

h—1
&) o |V o) TT0 = @) | N0V By (@080, 17201,
1=1

and compute
o) = (2B,(@) Ty tanh {058, () Ty 0L, .

Step 2: Maximization. According to (6.10)—(6.11), modes ~( and (B, #()) can be
obtained separately as follow:

for hfrom1toH—1do

To compute 'y}(:), note that since v, has Gaussian prior, and provided that the
second term in (6.11) is based on Gaussian kernels, the estimated ~1, at step t + 1
coincides with the mean of a full conditional Gaussian, similar to the one in Step
2 of Algorithm 3.

7 ={Bldiag(@\},..., 0By + = UBI(RY), R T 2T,

where each EIE]T,L) = C&) —0.5 ZIH:h Cgl) and B; is the design matrix of the
logistic regression based on all units.

for h from 1 to H do

A similar approach can be considered to compute B}(:) and ’Eg ) under the
Gaussian and inverse-gamma priors for these parameters and the Gaussian
kernel characterizing the first term in (6.11). Hence, adapting Step 3 and Step 4
in Algorithm 3 to the Em setting, provides:

B]EIT) = {r’fg*1 )B}'diag(cg;), ceey Cg})l)B1 + 2@71}71
< (7, Bl diag(¢{Y), ..., MY + 25" ug),
n n
7 = max{0, lag +0.5 Y ) —1lbo+05 > Vi —Bi(x)TA1271),
i=1 i=1

where B is the design matrix of the Gaussian regression within each kernel
based on all units.
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Based on the data augmentations outlined in (6.2) and (6.9), the complete log-posterior

logpz(v,8,71Y,¢{, @) underlying the proposed M routine, can be written as

n H-1 H H
D (.8, %Yy @) + ) _logp(yn) + ) logp(Br) + ) logp(th) + const, (6.10)
i h=1 =1 h=1

where (. (v, B, 7; Vi, Ci, @i) is the contribution of unit i to the complete log-likelihood.
Working on the complete log-likelihood has relevant benefits. Indeed, exploiting
equations (6.2) and (6.4), and the results in Polson et al. (2013) summarized in (6.9),

the term €y, (v, B, 7; i, Ci, @i) = Lz, (B, 5 Y, Gi) + ey (7; iy @1), can be factorized as

2 *3

-

+ [Nihgz(mi)T'Yh — @
-

H 2 Y. T 3,12
Z Cin [_Th{Yl B ()T B} 1 log('fh):|
h=1

(6.11)

T

B (: )T 12
2T | o

=
I

where N, = G — 0.5 Z{{:h Gin- Hence, both terms in equation (6.11) are linear in the
augmented data ({j, @;), and represent the sum of Gaussian kernels. This linearity
property simplifies computations in the expectation step for the complete log-posterior
in equation (6.10), whereas the Gaussian structure allows simple maximizations. Since
the joint maximization of the expected complete log-posterior with respect to (3, 7) is
intractable, we rely on a conditional maximization procedure (Meng & Rubin, 1993) in

the last step of Algorithm 4, which provides analytical solutions.

6.3.3 Mean-field variational Bayes

Section 6.3.2 provides a scalable procedure for estimation of posterior modes in large-scale
problems. However, an appealing aspect of the Bayesian approach is in allowing
uncertainty quantification via inference on the entire posterior. The Gibbs sampler
in Section 6.3.1 represents an appealing procedure which converges to the exact posterior,
but faces computational bottlenecks. This motivates scalable variational methods
for approximate Bayesian inference (Bishop, 2006; Blei et al., 2017). Clearly, these
computational gains do not come without some drawbacks. For example, variational
approximations typically underestimate posterior variability. This issue might be
mitigated via a post-processing operation as in Giordano et al. (2015), at the cost of an
additional computational step.

Due to the Pélya-gamma data augmentation, our variational strategy is framed within
the well-established exponential family setting, for which there exists a closed-form

coordinate ascent variational inference algorithm (cavi). Compared to more accurate
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black-box variational strategies (e.g. Ranganath et al., 2014), the cavr algorithm is
appealing because it requires no tuning. Moreover, recent theoretical properties for
this class of computational methods (Blei et al., 2017) are inherited by our variational
algorithm. This seems in contrast with the variational strategy discussed by Ren
et al. (2011), which considers a local approximation based on the lower bound of
Jaakkola & Jordan (2000). However, the recent contribution of Durante & Rigon (2019),
illustrated in Chapter 7, allows to draw a sharp connection between the Pélya-gamma
data augmentation and the Jaakkola & Jordan (2000) lower bound. As a consequence,
the vB approach we propose relies on the same optimization problem considered by Ren
et al. (2011).

Compared to the Gibbs sampler in Section 6.3.1, here we augment the entire
model (6.7) with respect to the binary vectors z; = (zi1,...,zin—1)T, 1 = 1,...,n

comprising z, rather than using the membership indicators G. Hence, the joint law

pz(Y,7,8,% 2,w) =p2(Y | 2,8, F)pa(z | ¥Y)pz(w [ ¥)p(¥)p(B)p(F) is equal to

=1 h=1 N (6.12)
" H plwin) exp{(zin — 0.5)Ba () Ty}
) 2 exp{0.5win(By(xi)Tyn)?}

T

where zijiy = 1. Our goal is to find an optimal variational distribution qg,;*) (v,B,%, z,w)
that best approximates the joint posterior p. (v, 3, ¥, z,w | y), while maintaining simple
computations. This can be obtained by minimizing the Kullback-Leibler divergence
between the variational distribution and the full posterior, or, alternatively, by maximizing
the evidence lower bound (ELBO) of the log-marginal density log mgg) (Y'), provided that
log m(;) (Y) can be analytically expressed as the sum of the ELBO and the positive KL
divergence. Refer to Chapter 7 for details about this decomposition and the formal

definition of the ELBO. The optimal variational distribution will be obtained so that
4z (7,8, %, z,w) = argmaxeL8o{de (v, B, 7, 2z, w)}
qc

Without further restrictions, the Kullback-Leibler divergence is minimized when the
variational distribution is equal to the true posterior, which is intractable. To address this
issue, a common strategy is to assume that the variational distribution q. (v, B,%,z,w)
belongs to a mean-field family Q (see e.g. Blei et al., 2017). This incorporates a posteriori
independence among distinct groups of parameters, implying that the variational

distribution can be expressed as the product of marginal laws. Specifically, we consider
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Algorithm 5: Steps of the cavr algorithm for the LsBr

begin
Let q(™)(-) denote the generic variational distribution at iteration r and let [E q( denote the
expected value taken with respect to it.

Step 1. Update the variational probabilities qgi) (zin);
for i from 1 ton do
forhfrom1toH—1do

Update the variational probabﬂities qmrl (zlh =1)= glrh ,foreachi=1,...,nand

h=1,.. — 1. First set each th = gEh , then update

logit(gE ) =B2(x)TE (1) (yn)+

H
+ 3 M 05 By (log 1) — 05 B g1 (BB o (Y — B () TB2)]

where (" = T3 (1 - Qw Vit t="h,and ¢™ = =0 TIZq on (1 — o))
otherwise. Note also that giH =1

Step 2. Update the variational distributions qg) (yn), foreachh=1,..., H—1;
forhfrom1toH—1do

Update the variational distribution of each -}, being the density of the Gaussian random
variable

—1 —1y— _ 1) 1N —
4% () = Nyl (BI2U VB, + 2 1 (BIol) + 2, uy), (BT By + 2,17

1 .
Q}(: )= diag{E ;1) (win), ..., E g (wnn)}, Qg)z (952 —05,... ,th 0.5)T.

Step 3. Update the variational distribution qgi) (win);
forifrom1ton do
for hfrom 1to H—1 do

Update the variational distribution q;? (win) foreachi=1,...,nand
h=1,...,H—1 according to

6 (win) = p6 (winiL o)), ol}) = (Bal@) By (vl ) Ba (@)} /2,

Recall that ]E i (win) =0. 5/(plh tanh(0. S(plh ).

Step 4. Update the variational distributions qg) (Br) and q;(cr) (th), foreachh =1,...,H

for h from 1 to H do

Update the variational distributions qg) (By) and qg) (th), foreachh=1,..., H
according to

a” (Br) = N, (Bn; (BT LY By + 5" ) U(BILYY + 35 up), (BIT By + 35171

q”(rh>—cA{rh,aU+oszm (Cin), b0+oszuz (G E(Y; — By (2:)TAn)?}

i=1 i=1

with I\ = E ) (n)diag{E () (i), - - E g (Gnn)} and Cin = zin TTIST (1 201),
i=1,...,n
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the following factorization for the variational distribution

H-1 H H H-1 n H-1 n
qa:('YI B/ T, z,w H qw 7h H ( H H q:l:L Zlh H H qwl wlh
=1 =1 h=1 h:l i=1 h=1 i=1

(6.13)
Note that we are not making specific assumptions about the functional form of the
variational distributions. Combining (6.12) with (6.13), we obtain a tractable expression
for the ELBO, which can be easily maximized as in Bishop (2006, Ch. 10). In particular,

the optimal solutions are provided by the following system of equations

logqx (Bn) = loglpa(Y | 2,8, F)p(Bn)ll +const,  h=1,...,H,
log qa, () = 28, loglp=(Y | 2, B, #)p(th)}] + const, h=1,...,H,
logqm ('yh) (2.0) log{pw(z w | ¥)p(n)} + const, h=1,...,H—1,
log qw (Zm) E, [%B’ﬁz,kh)[logpw( ,z|B3,%,7)]+const, h=1,..., H—T,
long (wm) q )(7)[logpw(wih | 7)] + const, h=1,...,H—1,

fori=1,...,n, where z; _, denotes the vector of binary indicators z; without considering
the hth one, whereas the const terms are additive constants with respect to the argument
in the corresponding variational distribution. Each expectation in the above equations
is evaluated with respect to the variational distribution of the other parameters, and
therefore we need to rely on iterative methods to find the optimal solution. We consider
the coordinate ascent variational inference (cavi) iterative procedure—described in
Algorithm 5—which maximizes the variational distribution of each parameter based on
the current estimate for the remaining ones (e.g. Bishop, 2006, Ch. 10). This procedure
generates a monotone sequence for the ELBO, which ensures convergence to a local joint
maximum. As shown in Algorithm 5, the normalizing constants in the above equations
have not to be computed numerically, since kernels of well known distributions can be
recognized.

6.4 Epidemiology application

We compare the performance of the three computational methods developed in Section
6.3, in a toxicology study. Consistent with recent interests in Bayesian density regression
(e.g. Dunson & Park, 2008; Hwang & Pennell, 2014; Canale et al., 2018), we focus on a
dataset aimed at studying the relationship between the DDE concentration in maternal
serum, and the gestational days at delivery (Longnecker et al., 2001). Such a dataset was

considered also in Chapter 2.
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The DDE is a metabolite of ppT, which is still used against malaria-transmitting
mosquitoes in certain developing countries—according to the Malaria Report 2015 from
the World Health Organization—thus raising concerns about its adverse effects on
premature delivery. Popular studies in reproductive epidemiology address this goal by
dichotomizing the gestational age at delivery (GAD) with a clinical threshold, so that births
occurred before the 37th week are considered preterm. Although this approach allows
for a simpler modeling strategy, it leads to a clear loss of information. In particular, a
greater risk of mortality and morbidity is associated with preterm birth, which increases
rapidly as the GAD decreases. This has motivated an increasing interest in modeling
how the entire distribution of GAD changes with DDE exposure (e.g. Dunson & Park, 2008;
Hwang & Pennell, 2014; Canale et al., 2018).

Data are composed by n = 2312 measurements (x;, Yi), i =1,...,n, where x; denotes
the DDE concentration, and Y; is the gestational age at delivery for woman i. Our goal
is to reproduce the analyses in Dunson & Park (2008) on this dataset, and compare
the inference and computational performance of the Mmcmc via Gibbs sampling, the Em
algorithm, and the vB routine proposed in Section 6.3. Note that, consistent with the
main novelty of this contribution, we do not attempt to improve the flexibility and the
efficiency of the available statistical models for Bayesian density regression—such as the
kernel stick-breaking (Dunson & Park, 2008), and the psBr (Rodriguez & Dunson, 2011).
Indeed, as discussed in Sections 6.1 and 6.2, these representations are expected to provide
a comparable performance to our LsBP in terms of inference. However, unlike current
models for Bayesian density regression, inference under the LsBP is available under a
broader variety of simple computational methods, thus facilitating implementation of
the same model in a wider range of applications—including large M;, M; and n settings.
Due to this, the main focus is on providing an empirical comparison of the algorithms
in Section 6.3, while using results in Dunson & Park (2008) as a benchmark to provide

reassurance that inference under the LsBP is comparable to alternative representations.

We apply the predictor-dependent mixture of Gaussians (6.7) with LsBP (6.5)—(6.6),
to a normalized version of the DDE and GAD (Xi,yi), i =1,...,n, and then show results
for px(y) on the original scale of the data. Consistent with previous works (Dunson &
Park, 2008; Canale et al., 2018), we let M; = 2, with Bq;(x;) = 1 and Bj,(%;) = Xy, for
every i=1,...,n, and rely instead on a flexible representation for n,(%;) to characterize
changes in the stick-breaking weights with DDE. In particular, each ny(%;) is defined via a
natural cubic spline basis B;(%i) = {1, By1(Xi),..., Bas(xi)}T, forevery h=1,..., H—1.
Bayesian posterior inference—under the three computational methods developed in
Section 6.3—is instead performed with default hyperparameters g = (0,0)7, X5 = L,
pwy = (0,...,0)T, X, = Igx¢ and a; = by = 1. For the total number of mixture
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Figure 6.2: For selected quantiles of DDE € (12.57,28.44,53.72,105.47), graphical representation of
the posterior mean of the conditional density for GAD given DDE, obtained from the Gibbs sampler
and the vB, together with 0.95 pointwise credibility intervals (shaded area). Since the Em provides
only a mode for the conditional density, we consider a graphical representation of the plug-in
estimate for the density in (6.7). The histograms represent the observations of GAD, having DDE in
the intervals (—o0,20.505), [20.505,41.08), [41.08,79.6), [79.6, ), respectively.

components we consider H = 20, and allow the shrinkage induced by the stick-breaking
prior to adaptively delete redundant components not required to characterize the data.

As shown in Figure 6.2, these choices allows accurate inference on the density (6.7).

In providing posterior inference under the Gibbs sampling algorithm described in
Section 6.3.1, we rely on 30,000 iterations, after discarding the first 5,000 as a burn-in, and
initialize the routine from random starting values sampled from the prior. Analysis of
the traceplots for the quantities discussed in Figures 6.2 and 6.3 showed that this choice
is sufficient for good convergence. The Em algorithm and the vB procedures discussed
in Sections 6.3.2 and 6.3.3, respectively, are instead run until convergence to a modal
solution. Since such modes could be local, we run both algorithms for different initial
values, and consider the solutions having the highest log-posterior and ELBO, respectively.
We also controlled the monotonicity of the sequences for these quantities, in order to
further validate the correctness of our derivations. In this study, the Em and the vB reach
convergence in about 2 and 6 seconds, respectively, whereas the Gibbs sampler requires
5 minutes, using a MacBook Air with a Intel Core i5.

Similarly to Figure 3 in Dunson & Park (2008), Figure 6.2 provides posterior inference
for the conditional density (6.7) evaluated at the 0.1, 0.6, 0.9, 0.99 quantiles of DDE, for the

three algorithms. Histograms for the GAD, are instead obtained by grouping the response
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Figure 6.3: For the Gibbs sampler and the vB, posterior means of four different conditional
probabilities IP(y < y* | x)—based on thresholds y* € (7 x 33,7 x 35,7 x 37,7 x 40)—along with
0.95 pointwise credibility intervals (shaded area). These quantities are not available from the Em
algorithm, for which a plug-in estimate of IP(y < y* | x) is displayed.

data according to a binning of the DDE with cut-offs at the central values of subsequent
quantiles, so that the conditional density can be plotted alongside the corresponding
histogram. Results in Figure 6.2 confirm accurate fit to the data and suggest that the left
tail of the GAD distribution—associated with preterm deliveries—increasingly inflates as
DDE grows. Moreover, as seen in Figure 6.2, the three algorithms have similar results,
thus providing empirical reassurance for the goodness of the proposed routines. As
expected, the point estimate from the EM matches the posterior mean of the Gibbs sampler,
whereas the vB tends to over-smooth some modes of the conditional distribution. This
is likely due to the fact that the vB outputs a mean-field approximation of the posterior
distribution, instead of the exact one. However, differently from the £Mm, this routine
allows uncertainty quantification, and provides a much scalable methodology compared
to the Gibbs sampler, thus representing a valid candidate in high-dimensional inference
when the focus is on specific functionals of the density (6.7). Indeed, as shown in Figure
6.3, when the aim is infer conditional preterm probabilities Fx(y*) = P(y < y* | x) with
y* € (7x33,7 x 35,7 x 37,7 x 40) denoting a clinical threshold, the vB provides very

similar conclusions.

Prior to conclude our analysis, note that the results in Figures 6.2 and 6.3 are
similar to those obtained under the kernel stick-breaking prior in Dunson & Park
(2008). This provides empirical guarantee that the flexibility characterizing popular

Bayesian nonparametric models for density regression is maintained also under LsBpP,
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which has the additional relevant benefit of facilitating computational implementation of
these methodologies. Minor differences are found at extreme DDE exposures, but this is
mainly due to the sparsity of the data in this subset of the predictor space.

6.5 Appendix

Proposition 6.1. For any fixed x € X, > 17 ; &n(x) = 1 almost surely, with &y (x) factorized
as in (6.5) and yn ~ Nm, (py, Xy ) independently for every h > 1. Hence, the LsBP provides a
well defined predictor-dependent random probability measure P at every x € X.

Proof. Recalling results in Ishwaran & James (2001), we have that } °; &p(xz) = 1
almost surely if and only if the equality > ;> E[log{1 — vi(x)}] = —oco holds. Since
log{1 —vn(x)} is concave in v, (x) for every « € X and h > 1, by the Jensen inequality
Ellog{l1 — vh(x)}] < log(l — E{vh(x)}. Therefore, since vy(x) € (0,1), we have that
0 < E{vh(z)} = ny(x) < 1, thereby providing log{1 — py(x)} < 0. Leveraging these
results, the proof of Proposition 6.1 follows after noticing that > - ; Ellog{1 — vy (z)}] <
> g logll — E{vp(x)}] = —oo.

Proof of Theorem 6.1

Adapting the proof of Theorem 1 in Ishwaran & James (2002) to our representation we

H—1
- {H Enlxy }
i=1 h=1

Since Y 1\ &n () < 1, and 1T = [[i41, we can write 1— T, 15 &n(x) =
00)

have

Im (v) —me? (¥l < 4 _4F

HH]ah ]

i=1 h=1

[T 1 =TT 5o Enla) Y0 = YRS &nl@)} (Billingsley, 1995, pp.  359).

Hence [[mY (V) —mi (¥l < 4n— Y1y 315 Efgn (@), with Y15 E{gn(z)) =

H_1 1 E{vi(z){1 — E{vi(z T =1 — {1 — E{vq (). Substituting this quantity in
—ynr, i 1] E{&,,(x1)}], we obtain the final bound 4 3 I | [1 — E{vy,(z)}H".






Chapter 7

Conditionally conjugate variational Bayes for lo-

gistic models

7.1 Summary

The chapter is organized as follows. In Section 7.2 we introduce some basic concepts
about mean-field variational inference, with particular emphasis on variational methods
for Bayesian logistic regression. In Section 7.3 we provide a strong theoretical connection
between the Jaakkola & Jordan (2000) approach and the Pélya-gamma data-augmentation.
In Section 7.4 we discuss a conditionally conjugate cavr algorithm based on our
theoretical findings. Concluding remarks are given in Section 7.5. Codes and additional
empirical assessments are available at https://github.com/tommasorigon/logisticVB.

7.2 Variational inference for logistic models

The increasing availability of massive and high-dimensional datasets has motivated
a wide interest in strategies for Bayesian learning of posterior distributions, beyond
classical McMmc methods (e.g. Gelfand & Smith, 1990). Indeed, sampling algorithms can
face severe computational bottlenecks in complex statistical models, thus motivating
alternative solutions based on scalable and efficient optimization of approximate posterior
distributions. Notable methods within this class are the Laplace approximation (e.g.
Bishop, 2006, Ch. 4.4), variational Bayes (e.g. Bishop, 2006, Ch. 10.1) and expectation
propagation (e.g. Bishop, 2006, Ch. 10.7), with variational inference providing a standard
choice in several fields, as discussed in recent reviews by Blei et al. (2017) and Ormerod
& Wand (2010). Refer also to Jordan et al. (1999) for a seminal introduction of variational
inference from a statistical perspective.

Variational Bayes aims at obtaining a tractable approximation q*)(8) for the posterior
distribution p(6 | Y') of the random coefficients 8 = (0, ...,0:,)T, in the model having
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joint density p(Y,0) = p(Y | 8)p(0) for € and the observed data Y = (Y;,...,Y,)T,

with p(0) denoting the prior distribution for 6. This optimization problem is formally

addressed by minimizing the Kullback-Leibler (kL) divergence
q(6)

x{q(0) | (6| Y)} = J@ q(0)1og —319) 4 — J@ (6 10g 3O

PO oy, 6 20 71

with respect to q(6) € Q, where Q denotes a tractable, yet sufficiently flexible, class of
approximating distributions. As is clear from (7.1), the calculation of the KL divergence
between q(6) and the posterior p(60 | Y') requires the evaluation of the marginal density
m(Y'), whose intractability is actually the main reason motivating approximate Bayesian
methods. Due to this, the above minimization problem is commonly translated into the

maximization of the evidence lower bound (ELBO) function

p(Y,0)
q(0)

ELBO{((0)} = J@ q(0) log dé = —x1{q(0) || p(0 | Y)}+logm(Y), (7.2)
which does not require the evaluation of m(Y'). In fact, since log m(Y ') does not depend
on 6, maximizing (7.2) is equivalent to minimizing (7.1). Re-writing (7.2) as logm(Y) =
ELBO{q(0)} + KL{q(0) || p(0@ | Y)} it can be additionally noticed that the ELBO provides a
lower bound of logm(Y') for any q(8), since the Kullback-Leibler divergence is always

non-negative.

The above set-up defines the general rationale underlying vB but, as is clear from
(7.2), the practical feasibility of the variational optimization requires a tractable form for
the joint density p(Y’, 8) along with a simple, yet flexible, variational family Q. This is
the case of mean-field vB for conditionally conjugate exponential family models with
global and local variables (Wang & Titterington, 2004; Bishop, 2006; Hoffman et al., 2013;
Blei et al.,, 2017). Recalling Hoffman et al. (2013), these methods focus on obtaining a
mean-field approximation

n n

q() =9 (B,w) =q"(B) [ a"(wi) = arg min xL{q (5) [Tatw)lIp(Bw YY),
i=1

= arg max ELBo{q(3) H qlwi)}

qeQ

i=1

i=1
(7.3)
for the posterior distribution p(3,w | Y') of the global coefficients 3 = (f1,...,3p)T and

the local variables w = (w7, ..., wy)T in the statistical model having joint density

n n

p(Y,B8,w) =p(B) [ [plwi | Bp(Vilwi,8) =pB) ] [p(Vi wilB), (7-4)

i=1 i=1
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with p(Y;, w; | B) from an exponential family and p(8) being a conjugate prior for
this density. The latent quantities w, when present, typically denote random effects or
unit-specific augmented data within some hierarchical formulation, such as in mixture

models.

Although the above assumptions appear restrictive, the factorization of q(8,w),
characterizing the mean-field variational family, provides a flexible class in several
applications and allows direct implementation of simple coordinate ascent variational
inference (cavi) routines (Bishop, 2006, Ch. 10.1.1) which sequentially maximize the ELBO
in (7.3) with respect to each factor in q(8,w) = q(8) [[iL; q(w;)—fixing the others at
their most recent update. Instead, the exponential family and conjugacy assumptions
further simplify calculations by providing approximating densities q*)(3) and q*)(w;),
i =1,...,n from tractable classes of random variables. These advantages have also
motivated recent computational improvements (Hoffman et al., 2013) and theoretical
studies (Wang & Titterington, 2004). We refer to Hoffman et al. (2013) and Blei et al.
(2017) for details on the methods related to the general formulation in (7.3)-(7.4), and
focus here on models having logistic likelihoods as building-blocks. Indeed, although
the conjugacy and exponential family assumptions are common to a variety of machine
learning representations (e.g. Blei et al., 2003; Airoldi et al., 2008; Hoffman et al., 2013),
classical Bayesian logistic regression models of the form

TNV

p(YilB) = ﬁiim—};(i?ﬁ)' Yie{0,1}, i=1,...,n, with 8~Ny(pug, X3), (7-5)
do not enjoy direct conjugacy between the likelihood for the binary response data and the
Gaussian prior for the coefficients in the linear predictor (e.g. Wang & Blei, 2013). This
apparently notable exception to conditionally conjugate exponential family models also
holds, as a direct consequence, for a wide set of formulations which incorporate Bayesian
logistic regressions at some layer of the hierarchical specification. Some relevant examples
are classification via Gaussian processes (Rasmussen & Williams, 2006), supervised
nonparametric clustering (Ren et al., 2011) and hierarchical mixture of experts (Bishop &

Svensén, 2003).

To allow tractable vB for non-conjugate models, several alternatives beyond conjugate
mean-field vB have been proposed (see e.g. Jaakkola & Jordan, 2000; Braun & McAuliffe,
2010; Wand et al., 2011; Wang & Blei, 2013). Within the context of logistic regression,

Jaakkola & Jordan (2000) developed a seminal vB algorithm which relies on the quadratic
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Algorithm 6: EM algorithm for approximate Bayesian inference by Jaakkola &
Jordan (2000).

Initialize (pgo), cee, (pELO).

for r = 1 until convergence of (7.7) do

Step 1. Expectation. Update q(™(38) = (1) (ﬁ 1Y) ocp(B) T, 0 (Yi | B) to
obtain a Gaussian distribution Np, (e (), (7)) with

2= (2t +x70UX), p) = BOXT(Y - 0510) + X5 ),

where 1, = (1,...,1)T and N0 jsa diagonal matrix with entries

{O.5/(p§r7] )tanh(O.S(pETq)) fori=1,...,n. Note that the quadratic form of (7.6),
restores conjugacy between the Gaussian prior for 3 and the approximated
likelihood. To clarify this result, note that, for every @i, p(Y; | B) is proportional to
the kernel of a Gaussian variable having mean [ 3 and variance 2¢;tanh(0.5 @0i)!
for the “data” 2¢itanh(0.5¢;) ' (Y; — 0.5).

Step 2. Maximization. Compute e = argmax, Jre q(B) logp (Y, 3)d3 to obtain
the solutions

(r) :{]Eqm [ TB) ]} ={z IZ( ):vlJr(a: ()2 }%, foreveryi=1,...,n.

Note that [, q7(8)logp(Y,B)dB = const+ 3 I ; [, 47 (B8)logp(Yi | B)dB.
Hence, it is possible to maximize the expected log-likelihood associated with every

Y; separately, as a function of each @i, for i =1,...,n. This result leads to the above
L solution.

Output at the end of the algorithm: ¢*) and, as a byproduct, the approximate posterior
q™(B) =p™ (B Y).
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lower bound

log B(Y; | B) =(Y: —0.5)a] B+
—0.5¢; —0.25¢] 'tanh(0.5¢;){(x] 3)” — ¢{} —log{1 + exp(—¢s)},
(7.6)
for the log-likelihood logp(Y; | B) = Yi(x!B) —logll + exp(x]B)] > logp(Y; | B) of
every Y; from a logistic regression. In (7.6), the vector x; = (xi1,...,%ip)T comprises
the covariates measured for unit i, whereas 8 = (f1,...,Bp)T are the associated
coefficients. The vector ¢ = (@1,...,@n)T denotes instead unit-specific variational
parameters defining the location where logp(Y; | 3) is tangent to logp(Y; | 8). In fact,
logp(Yi | B) =logp(Yi | B) when (pi2 = (m{ﬁ)z. Leveraging equation (7.6), Jaakkola &
Jordan (2000) proposed an expectation-maximization (Em) algorithm (Dempster et al.,
1977) to approximate p(3 | Y'). At the generic iteration r, this routine alternates between
an E-step in which the conditional distribution of the random coefficients 3 given the
current ") is updated to obtain q("(3), and an M-step which calculates the expectation
of the augmented approximate log-likelihood log p(Y, 3) = logp(B) + X_i-; logp(Yi | B)
with respect to q(™(3) and maximizes it as a function of ¢. Recalling the general
presentation of Em by Bishop (2006, Ch. 9.4) and Appendices A-B in Jaakkola & Jordan
(2000), this strategy ultimately maximizes logm(Y) = log LRP p(B T, p(Yi | B)dB
with respect to ¢, by sequentially optimizing the lower bound

(B) [T p(YilB)
q(B)

as a function of the unknown distribution q(3) and the fixed parameters ¢, where p(3)

Jmp 4(8)log ? dg, 7:7)

is the density of the Gaussian prior for 8. Hence, as is clear from Algorithm 6, this EM
produces an optimal estimate ¢!*) of ¢ and, as a byproduct, also a distribution q*)(3),
which is regarded as an approximate posterior in Jaakkola & Jordan (2000). Indeed,
recalling the EM structure, q")(B) coincides with the conditional distribution p*)(3|Y)
obtained by updating the prior p(3) with the approximate likelihood [T ; ™*)(Y: | B)
induced by (7.6) and evaluated at the optimal variational parameters (pg*),...,(pn({k ),
However, although being successfully implemented in the machine learning and statistical
literature (e.g. Bishop & Svensén, 2003; Rasmussen & Williams, 2006; Lee et al., 2010; Ren
et al., 2011; Carbonetto & Stephens, 2012; Tang et al., 2015; Wand, 2017), it is not clear
how the solution q(*)(,B) relates to the formal vB set-up in (7.1)-(7.2). Indeed, pH(BY)
is not the posterior induced by a Bayesian logistic regression. This is due to the fact
that each p(Y; | B) in the kernel of p(8 | Y) is replaced with the approximate likelihood
P (Y; | B) evaluated at the optimal variational parameters maximizing log m(Y’). This
last result, which is inherent to the EM (Dempster et al., 1977), suggests a heuristic
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intuition for why q*)(3) may still provide a reasonable approximation. Indeed, since
logp(Yi | B) <logp(Yi | B) for every @; and i = 1,...,n, the same holds for logm(Y’)
and log m(Y'). Thus, since log m(Y) does not vary with ¢, maximizing log m(Y’) with

respect to ¢ is expected to provide the tightest approximation of each logp(Y; | 3)
(*

via the lower bound in (7.6) evaluated at the optimum ¢; ), fori=1,...,n, thereby
guaranteeing similar predictive densities m(Y") and m*)(Y"). Hence, in correspondence
to the optimum ), the minimization of kL{q(8) || P (B ] Y)}in the E-step, would
hopefully provide a solution q*(B) =p™ (B | Y) close to the true posterior p(3 | y).

Although the above discussion provides an intuition for the excellent performance of
the methods proposed by Jaakkola & Jordan (2000), it shall be noticed that finding the
tightest bound within a class of functions might not be sufficient if this class is not flexible
enough. Indeed, the quadratic form of (7.6) might be restrictive for logistic log-likelihoods,
and hence even the optimal approximation may fail to mimic logp(Y; | 3). Moreover,
according to (7.1), a formal vB set-up requires the minimization of a well-defined xr
divergence between an exact posterior and an approximating density from a given
variational family. Instead, Jaakkola & Jordan (2000) seem to minimize the divergence
between an approximate posterior and a pre-specified density. If this were the case,
then their methods could be only regarded as approximate solutions to formal vs.
Indeed, although (7.6) has been recently studied (De Leeuw & Lange, 2009; Browne &
McNicholas, 2015), this is currently the main view of the Em in Algorithm 6 (e.g. Blei
et al., 2017; Wang & Blei, 2013; Bishop, 2006).

In Section 7.3 we prove that this is not true and that (7.6), although apparently
supported by purely mathematical arguments, has indeed a clear probabilistic inter-
pretation related to a recent Pélya-gamma data augmentation for logistic regression
(Polson et al., 2013). In particular, let q(w;) be the density of a Pélya-gamma rG(1, i),
then (7.6) is a proper evidence lower bound associated with a vB approximation of the
posterior for w; in the conditional model p(Y;, w; | B) for data Y; from (7.5) and the
Pélya-gamma variable (w; | 3) ~ (1, ! 3), with 3 kept fixed. Combining this result
with the objective function in equation (7.7), allows us to formalize Algorithm 6 as a
pure cavi which approximates the joint posterior of 3 and the augmented Pdlya-gamma
data wj,..., wyn, under a mean-field variational approximation within a conditionally

conjugate exponential family framework.

7.3 Conditionally conjugate variational representation

This section discusses the theoretical connection between equation (7.6) and a recent

Pélya-gamma data augmentation for conditionally conjugate inference in Bayesian logistic
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regression (Polson et al., 2013), thus allowing us to recast the methods proposed by
Jaakkola & Jordan (2000) within the wider framework of mean-field variational inference
for conditionally conjugate exponential family models. We shall emphasize that, in
a recent manuscript, Scott & Sun (2013) proposed an EM for maximum a posteriori
estimation of 3 in (7.5), discussing connections with the variational methods in Jaakkola
& Jordan (2000). Their findings are however limited to computational differences and
similarities among the two methods and the associated algorithms. We instead provide a
fully probabilistic connection between the contribution by Jaakkola & Jordan (2000) and
the one of Polson et al. (2013), thus opening new avenues for advances in vB for logistic
models.

To anticipate Lemma 7.1, note that the core contribution of Polson et al. (2013) is in
showing that p(Y; | 3) in model (7.5) can be expressed as a scale-mixture of Gaussians
with respect to a Pélya-gamma density. This result facilitates the implementation of Mmcmc
methods which update 3 and the Pélya-gamma augmented data w = (wj, ..., wn)T from
conjugate full conditionals. In fact, the joint density p(Y,w | 3) has a Gaussian kernel in
B, thus restoring Gaussian-Gaussian conjugacy in the full conditional. As discussed in
Lemma 7.1, this data augmentation, although developed a decade later, was implicitly
hidden in the bound of Jaakkola & Jordan (2000).

Lemma 7.1. Let logp(Y; | B) be the quadratic lower bound in (7.6) proposed by Jaakkola
& Jordan (2000) for the logistic log-likelihood logp(Yi | B) in (7.5). Then, for every unit
i=1,...,n, we have

(Vi wi [ B)

logp(¥:18) = | q(w;)log 2 a

dwi
wi) (7.8)
= Eq(w)llogp(Yi, wi | B)} — Eq(w,){log qlwi)},

with p(Yy, wi | B) = p(Yi | B)p(wi | B) and p(Yy | B) = exp(Yiz! B){1 + exp(z! B)},
whereas q(wi) and p(w; | B) are the densities of the Pélya-gamma variables G(1, @) and
rG(1,x]B), respectively.

Proof. To prove Lemma 7.1, first notice that 0.5¢; +log{1 +exp(—@i)} = log{2cosh(0.5¢; )}
and 0.5(x{3) = log{1 + exp(x]B8)} —log[2cosh{0.5(x] 3)}]. Replacing such quantities in
(7.6), we obtain

Yiz! B —log{1 + exp(z] 3)}—0.25¢@; 'tanh(0.5¢; }{(x] B)* — @7}
+ log[cosh(0.5¢;) ! cosh{0.5(z] B)}].

To highlight equation (7.8) in the above function, note that, recalling Polson et al.
(2013), the quantity —0.25(pi_1tanh(O.S(pi){(miTﬁ)z — ¢?} is equal to E{—0.5w;(z]B)%} —
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IE(—O.Swicpiz), where the expectation is taken with respect to w; ~ pG(1, ;). Hence,
logp(Y; | B) can be expressed as

J exp(—O.Swi(piz)p w;)

R,  cosh(0.5¢;)"

exp(Yiz! B){1 +exp(x] B)} ' exp{—0.5w;(x] B)*}cosh{0.5(x] B)}p(wi)
exp(—O.Swi(piz)cosh(O.S(pi)p(wi)

x log dw;.
Based on the above expression, the proof is concluded after noticing that exp(Yixz! 3){1 +
exp(xz]B)} = p(Y; | B), whereas the term exp{—0.5w;(z] 3)?}cosh{0.5(z] B)}p(w;) and
exp(—O.Swi(piz)cosh(O.S(pi)p(wi) are the densities p(w; | B) and q(w;) of the Pdlya-
gamma random variables pG(1, 2] 3) and PG(1, ¢;), respectively, with p(w;) the density
of a PG(1,0). o

According to Lemma 7.1, the expansion in equation (7.6) is a proper ELBO related
to a vB approximation of the posterior for w; in the conditional model p(Y;, w; | B)
for response data Y; from (7.5) and the local variable (w; | 8) ~ PG(],ZBI,@), with 8
kept fixed. Note that, although some intuition on the relation between logp(Y; | 3)
and Eg, ) {logp(Yi, wi | B)} can be deduced from Scott & Sun (2013), the authors
leave out additive constants not depending on 3 in log p(Y; | 8) when discussing this
connection. Indeed, according to Lemma 7.1, these quantities are crucial to formally
interpret log p(Y; | B) as a genuine ELBO, since they coincide with —IE(,,){log q(w:)}.
Besides this result, Lemma 7.1 provides a formal characterization for the approximation
error logp(Y; | B) —logp(Yi | B). Indeed, adapting (7.2) to this setting, such a quantity
is the kL divergence between a generic P6lya-gamma variable and the one obtained by

conditioning on 3. This allows to complete logp(Y; | B) > logp(Y; | B), as

logp(Yi | B) =logp(VYi | B) +xi{q(w;) || p(w;i | Yi, B)}

(7:9)
=logp(Yi | B) +xr{q(w;i) [l plwyi | B)}, 7o

where the last equality follows from the fact that p(Y;, w;i | 3) = p(Yi | B)p(w; | B), and
hence p(wj | Yi, B) = p(w; | B). This result sheds light on the heuristic interpretation of
q"*)(B) in Section 7.2. Indeed, as is clear from (7.9), if q(w;) evaluated at the optimal
(pg*) is globally close to p(w; | B) for every Band i = 1,...,n, then (7.6) ensures accurate
approximation of logp(Y; | 3), thus providing approximate posteriors q*)(3) close to
the target p(3 | Y'). Exploiting Lemma 7.1, Theorem 7.1 formalizes this discussion by
proving that the EM in Algorithm 6 maximizes the ELBO of a well-defined model under a

mean-field vB.
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Theorem 7.1. The lower bound in (7.7) maximized by Jaakkola & Jordan (2000) in their EM for
approximate Bayesian inference in model (7.5) coincides with a genuine evidence lower bound
Y,3,w
susolg(Bwl) = | | a(8,w)10g U2 dwag,
RP JR? q(8,w) (7.10)
=Eqguw)llogp(Y, B, w)} —Egwlog q(8, w)},

where p(Y,B,w) = p(B)[TiL p(Yi | Bp(w; | B) and q(B,w) = q(B) [ 1= q(wy), with
q(w;i) and p(w;i | B) denoting the densities of the Pélya-gamma variables PG(1,(p1) and

rG(1,x]B), respectively.

Proof. The proof is a direct consequence of Lemma 7.1. In particular, let

LR q(8)logp(B)q(8) 1dB + LR q(8)Y_logp(Y: | B)dB
p P i

denote an expanded representation of (7.7). Then, replacing logp(Y; | 8) with its
probabilistic definition in (7.8) and performing simple mathematical calculations, we

obtain

d5+ZJ J (wi)logp(Yi|ﬁ)p(wi|ﬁ)dw1dﬁ.

J]RP (8) log q(wi)

Note now that the first summand does not depend on w, thus allowing us to replace this
integral with [, LR? log{p(B)q(B)"1q(8) [T~ q(w;i)dwdB. Similar arguments can be
made to include []i; q(w;) in the second integral. Making these substitutions in the

above equation we obtain

n

Hlle|ﬁ) (w1|,8):| .
J]RPJ n [logq(,@) +log T, q(ws) q(ﬁ)Hq(wl)dwdﬁ

i
_ PB I p(Yil B)p(wi | B)
N J]RP J iq(ﬁ,w) log q(B,w) dwdf

_ plY,B,w)
= J}RPJ . q(B,w)log —q(ﬂ,w) dwdg,

thus proving Theorem 7.1. Note that q(83,w) = q(8) [ [i~; q(w;) and Jﬂ1R+ q(w;i)dw; = 1.
]

As is clear from Theorem 7.1, the variational strategy proposed by Jaakkola &
Jordan (2000) is a pure vB minimizing KL{q(8,w) || p(8,w | Y )} under a mean-field
variational family 9 = {q(8,w) : q(B,w) = q(B)[]iL; q(w;)} in the conditionally
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conjugate exponential family model with

Global variables B ~Np(pg, X3),
Local variables (wi | B) ~ PGU,:I:{B), i=1,...,n, (7.11)
Data (Yi | B) ~ BERN[exp(aciTB)U +exp(m{ﬁ)]_]], i=1,...,n

We refer to Choi & Hobert (2013, Sect. 2) for this specific formulation of the Pélya-gamma
data augmentation scheme which highlights how, unlike the general specification
in (7.4), the conditional distribution of Y; does not depend on w;. As discussed
in Section 7.2, this is not a necessary requirement. Indeed, what is important is
that the joint likelihood p(Y;, w; | B) is within an exponential family and the prior
p(B) is conjugate to it. Recalling Choi & Hobert (2013, Sect. 2) and noticing that
cosh{0.5(x]3)} = 0.5[1 + exp(x] B)] exp{—0.5(x] B)}, this is the case of (7.11). In fact

p(Yi, wi | B) =p(Yi|B)plwi|B)
= exp(a] 8)"{1 + exp(a] B)} " exp{—0.5wi (@] B)*cosh{0.5(] B)}p(wi),
= 0.5exp{(Y; — 0.5)2] B — 0.5w; (=] B)4}p(w;),
(7.12)
is proportional to the Gaussian kernel exp[(Y; — O.S)wiT,B — O.Swi(wg,@)z], which is
conjugate to p(3).

7.4 Coordinate ascent variational inference (CAVI)

As discussed in Section 7.2, the mean-field assumption allows the implementation of a
simple cavr (Blei et al., 2017; Bishop, 2006, Ch. 10.1.1) which sequentially maximizes the
evidence lower bound in (7.10) with respect to each factor in q(3) [ [i-; q(w;), via the
following updates

4"(B) = exp [Eqi1) ) 10g(P(B1 Y, w)} | ca(¥) ™,

. o (7.13)
q" (wi) =exp [lEqm[g)log{p(wilY,w_i,ﬁ)}} coi(Y), i=T..0m,

at iteration 7, until convergence of the ELBO. In the above expressions, cg(Y ') and
cw;(Y),i=1,...,m, denote constants leading to proper densities. Note that in our case
plwi Y, w,B) =plwi|Y,B).

To clarify why (7.13) provides a routine which iteratively improves the ELBO, and

ultimately maximizes it, note that, keeping fixed q“’”(un )yeun, q(r’”(wn), equation
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(7.10) can be re-written as

Eq(g) {lEq(r_”(w) 1OgP(B)H'3 1 P( 1ﬂ| B)p(w; | ﬁ)p(Y,w)}+Const

=Eqp) {IEq log } logp(Y w) + const,

G exp[ wlog{p(me)}}
- o8 q4(B)ca(Y)

)JrlEqr 1 (w logCQ( Jp(Y,w) + const,

(7.14)
where the first term in the last equation is the only quantity which depends on

B and is equal to the negative KL divergence between q(3) and the distribution
exp [lEq(r_l)(w) log{p (3 | Y,w)}} Cg(Y)_], thus motivating the cavi update for q(3).
Similar derivations can be done to obtain the solutions for q(w1),..., q(wy) in (7.13).
As is clear from (7.13), the cavi solution identifies both the form of the approximating
densities—without pre-specifying them as part of the mean-field assumption—and the
optimal parameters of such densities. As discussed in Section 7.2, these solutions are
particularly straightforward in conditionally conjugate exponential family representations
(Hoffman et al., 2013), including model (7.11). In fact, recalling Polson et al. (2013), the
full conditionals for the local and global variables in model (7.11) can be obtained via

conditional conjugacy properties, which lead to

(B1Y,w) ~Np{(Z5' + XTRX)(XT(Y —0510) + X5 ug), (Z5' + XT02X) 7,

(wi |Y,w_,B) ~pc(1,2]8), i=1,...,n,
(7.15)

Ti=1,...,n

with £2 = diag(wy,..., wn) and X the n x p design matrix with rows x_,
Substituting these expressions in (7.13), it can be immediately noticed that the cavi
solutions have the same density of the corresponding full-conditionals.

As shown in Algorithm 7, the above expectations can be computed in closed-form
since q(3) and q(w1),..., q(wn) are already known to be Gaussian and Pélya-gammas,
thus requiring only sequential optimizations of natural parameters. This form of cavr,
which is discussed in Hoffman et al. (2013) and is known in the literature as variational
Bayesian Em (Beal & Ghahramani, 2003), clarifies the link between cavi and the EM in
Jaakkola & Jordan (2000). Indeed, recalling Section 7.3, both methods optimize the same
objective function and rely, implicitly, on the same steps. In particular, due to Lemma 7.1,
the E-step in Algorithm 6 is in fact maximizing the conditional ELBo[q(83) [[i~; q =1 (w;)]
with respect to q(B) as in the first maximization of Algorithm 7. Similarly, the

M-step solution for ¢ in Algorithm 6 is actually the one maximizing the conditional
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Algorithm 7: cavi for logistic regression.

Initialize (pgo), eee, (p%o).

for r = 1 until convergence of the evidence lower bound ELBO{q(3, w)} do

Step 1. Maximize eLBo{q(8) [ [i"; q 1 (w;)} with respect to q(3). As discussed in
Section 7.4, this maximization provides q(B) = Ny (B; p'm), 320) with

> — (251 —I—XTQ(ran)*], N(r) - Z(T){XT(Y_O.S.in) + Z‘E]“B},

with 20— = diag{Eq<r4J(w] ) (w1),.. .,Eq(rq)(wn) (wn )}
Step 2. Maximize eLBo{q ") (3) [T'-; q(w;)} with respect to [ q(w;). As

discussed in Section 7.4, this maximization provides g (w;) = pe(wy; @ ET)) for
i=1,...,n, with

o\ = (@I Z Wi (@Tu)2/2, i=1,...,n

Note that ¢; and —¢; induce the same Pélya-gamma density. Hence, there is no
ambiguity in the above square root. A similar remark, from a different perspective,
is found in footnote 3 of Jaakkola & Jordan (2000).

Output at the end of the algorithm: q")(8,w) =q™*(B) [T, q") (wy).

eLolq™ (B8) [T q(w;)] with respect to [} ; q(w;) in the second optimization of the
cavi in Algorithm 7.

7.5 Discussion

Motivated by the success of the lower bound developed by Jaakkola & Jordan (2000)
for logistic log-likelihoods, and by the lack of formal justifications for its excellent
performance, we introduced a novel connection between their construction and a
Pélya-gamma data augmentation developed in recent years for logistic regression (Polson
et al.,, 2013). Besides providing a probabilistic interpretation of the bound derived
by Jaakkola & Jordan (2000), this connection crucially places the variational methods
associated with the proposed lower bound in a more general framework having desirable
properties. More specifically, the Em for variational inference proposed by Jaakkola &
Jordan (2000) maximizes a well-defined ELBO associated with a conditionally conjugate
exponential family model and, hence, provides the same approximation of the cavr for
vB in this model.

The above result motivates further generalizations to novel computational methods,
including the stochastic variational inference algorithm in Hoffman et al. (2013). On a
similar line of research, an interesting direction is to incorporate the method of Giordano
et al. (2015) to correct the variance-covariance matrix in q*)(3) from Algorithm 6, which

is known to underestimate variability. Finally, we shall also emphasize that although
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our focus is on classical Bayesian logistic regression, the results in Section 7.3 can be
easily generalized to more complex learning procedures incorporating logistic models as
a building-block, as for the LsBr prior in Chapter 6, as long as such formulations admit

conditionally conjugate exponential family representations.
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