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We consider a nonparametric Bayesian model for conditional densities. The model
is a finite mixture of normal distributions with covariate dependent multinomial logit
mixing probabilities. A prior for the number of mixture components is specified on
positive integers. The marginal distribution of covariates is not modeled. We study
asymptotic frequentist behavior of the posterior in this model. Specifically, we show
that when the true conditional density has a certain smoothness level, then the pos-
terior contraction rate around the truth is equal up to a log factor to the frequentist
minimax rate of estimation. An extension to the case when the covariate space is
unbounded is also established. As our result holds without a priori knowledge of
the smoothness level of the true density, the established posterior contraction rates
are adaptive. Moreover, we show that the rate is not affected by inclusion of irrel-
evant covariates in the model. In Monte Carlo simulations, a version of the model
compares favorably to a cross-validated kernel conditional density estimator.

1. INTRODUCTION

Conditional distributions provide a general way to describe a relationship between
a response variable and covariates. An introduction to classical nonparametric es-
timation of conditional distributions and applications in economics can be found
in Chapters 5-6 of Li and Racine (2007). Applications of flexible Bayesian mod-
els for conditional densities include analysis of financial data and distribution of
earnings in Geweke and Keane (2007), estimation of health expenditures in Keane
and Stavrunova (2011), and analysis of firms leverage data in Villani, Kohn,
and Nott (2012); see also MacEachern (1999), De Iorio, Muller, Rosner, and
MacEachern (2004), Griffin and Steel (2006), Dunson, Pillai, and Park (2007),
Dunson and Park (2008), Villani, Kohn, and Giordani (2009), Chung and Dunson
(2009), Li, Villani, and Kohn (2010), Norets and Pelenis (2012), and Norets and
Pelenis (2014). This literature suggests that the Bayesian approach to nonpara-
metric conditional distribution estimation has several attractive properties. First,
it does not require fixing a bandwidth or similar tuning parameters. Instead, it
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provides estimates of the objects of interest where these tuning parameters are
averaged out with respect to their posterior distribution. Second, the Bayesian
approach naturally provides a measure of uncertainty through the posterior distri-
bution. Third, the Bayesian approach performs well in out-of-sample prediction
and Monte Carlo exercises. The present paper contributes to the literature on the-
oretical properties of these models and provides an explanation for their excellent
performance in applications.

We focus on mixtures of Gaussian densities with covariate dependent mixing
weights and a variable number of mixture components for which a prior on pos-
itive integers is specified. Conditional on the number of mixture components,
we model the mixing weights by a multinomial logit with a common scale pa-
rameter. The marginal distribution of covariates is not modeled. This model is
closely related to mixture-of-experts (Jacobs, Jordan, Nowlan, and Hinton (1991),
Jordan and Xu (1995), Peng, Jacobs, and Tanner (1996), Wood, Jiang, and Tanner
(2002)), also known as smooth mixtures in econometrics (Geweke and Keane
(2007), Villani et al. (2009), Norets (2010)). We study asymptotic frequentist
properties of the posterior distribution in this model.

Understanding frequentist properties of Bayesian nonparametric procedures is
important because frequentist properties, such as posterior consistency and op-
timal contraction rates, guarantee that the prior distribution is not dogmatic in
a precise sense. It is not clear how to formalize this using other approaches,
especially, in high or infinite dimensional settings. There is a considerable lit-
erature on frequentist properties of nonparametric Bayesian density estimation
(Barron, Schervish, and Wasserman (1999), Ghosal, Ghosh, and Ramamoorthi
(1999), Ghosal and van der Vaart (2001), Ghosal, Ghosh, and van der Vaart
(2000), Ghosal and van der Vaart (2007), Huang (2004), Scricciolo (2006),
van der Vaart and van Zanten (2009), Rousseau (2010), Kruijer, Rousseau, and
van der Vaart (2010), Shen, Tokdar, and Ghosal (2013)). There are fewer re-
sults for conditional distribution models in which the distribution of covariates
is left unspecified. Norets (2010) studies approximation bounds in Kullback—
Leibler distance for several classes of conditional density models. Norets and
Pelenis (2014) consider posterior consistency for a slightly more general ver-
sion of the model we consider here and kernel stick breaking mixtures for
conditional densities. Pati, Dunson, and Tokdar (2013) study posterior consis-
tency when mixing probabilities are modeled by transformed Gaussian processes.
Tokdar, Zhu, and Ghosh (2010) show posterior consistency for models based
on logistic Gaussian process priors. Shen and Ghosal (2016) obtain posterior
contraction rates for a compactly supported conditional density model based on
splines.

In this article, we show that under reasonable conditions on the prior, the pos-
terior in our model contracts at an optimal rate up to a logarithmic factor. The
assumed prior distribution does not depend on the smoothness level of the
true conditional density. Thus, the obtained posterior contraction rate is adap-
tive across all smoothness levels. An interpretation of this is that the prior puts
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sufficient amount of weight around conditional densities of all smoothness levels
and, thus, the posterior can concentrate around the true density of any smoothness
nearly as quickly as possible. In this particular sense, the prior is not dogmatic
with regard to smoothness.

Adaptive posterior convergence rates in the context of density estimation are
obtained by Huang (2004), Scricciolo (2006), van der Vaart and van Zanten
(2009), Rousseau (2010), Kruijer et al. (2010), and Shen et al. (2013). If the joint
and conditional densities have the same smoothness, adaptive posterior contrac-
tion rates for multivariate joint densities in van der Vaart and van Zanten (2009)
and Shen et al. (2013) imply adaptive rates for the conditional densities. However,
it is important to note here that when the conditional density is smoother than the
joint density in the sense of Holder, it is not clear if the optimal adaptive rates
for the conditional density can be achieved with a model for the joint distribution.
A closely related concern, which is occasionally raised by researchers using mix-
tures for modeling a joint multivariate distribution and then extracting conditional
distributions of interest, is that many mixture components might be used primarily
to provide a good fit to the marginal density of covariates and, as a result, the fit
for conditional densities deteriorates (see, for example, Wade, Dunson, Petrone,
and Trippa (2014)). In our settings, this problem does not arise as we put a prior
on the conditional density directly and do not model the marginal density of the
covariates. The resulting convergence rate depends only on the smoothness level
of the conditional density.

An important advantage of estimating the conditional density directly is that
the problem of covariate selection can be easily addressed. We show that in a
version of our model the posterior contraction rate is not affected by the presence
of a fixed number of irrelevant covariates. Also, an application of Bayesian model
averaging to the covariate selection problem delivers posterior contraction rates
that are not affected by irrelevant covariates. Thus, we can say that the posterior
contraction rates we obtain are also adaptive with respect to the dimension of the
relevant covariates.

Our results hold for expected total variation and Hellinger distances for condi-
tional densities, where the expectation is taken with respect to the distribution of
covariates. The use of these distances allows us to easily adapt a general posterior
contraction theorem from Ghosal et al. (2000) to the case of a model for condi-
tional distributions only. An important part of our proof strategy is to recognize
that our model for the conditional density is consistent with a joint density that is
a mixture of multivariate normal distributions so that we can exploit approxima-
tion results for mixtures of multivariate normal distributions obtained in De Jonge
and van Zanten (2010) and Shen et al. (2013). Our entropy calculations improve
considerably the bounds obtained in Norets and Pelenis (2014).

We also evaluate the finite sample performance of our conditional density
model in Monte Carlo simulations. The model performs consistently with the es-
tablished asymptotic properties and compares favorably to a cross-validated ker-
nel conditional density estimator from Hall, Racine, and Li (2004).
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The paper is organized as follows. Section 2 presents the assumptions on the
true conditional density, the proposed prior distributions, and the main theorem
on posterior convergence rates. The prior thickness results are given in Section 3.
Section 4 describes the sieve construction and entropy calculations. An extension
of the results to an unbounded covariate space is considered in Section 5. The
presence of irrelevant covariates is analyzed in Section 6. Section 7 presents re-
sults of Monte Carlo simulations. We conclude with a discussion of the results in
Section 8.

2. MAIN RESULTS
2.1. Notation

Let Y C R% be the response space, X C R4 be the covariate space, and Z =
Y x X. Let F denote a space of conditional densities with respect to the Lebesgue
measure,

F= [f : Y x X — [0, 00) - Borel measurable, /f(ylx)dy =1,Vxe X].

Suppose (Y", X") = (Y1, X1,...,Y,, X,,) is a random sample from the joint den-
sity fogo, where fop € F and go is a density on X with respect to the Lebesgue
measure. Let Py and Ep denote the probability measure and expectation corre-
sponding to fpgo. For f1, f> € F,

12
a1 = ( [ (VAOW~VAEG) wwdyx)  and

di(f1, f2) = / | f1(1x) = fa(ylx)Igo(x)dydx

denote analogs of the Hellinger and total variation distances correspondingly.
Also, let us denote the Hellinger distance for the joint densities by dp.

Let us denote the largest integer that is strictly smaller than g by [f]. For
L:Z— [0,00), 19 >0,and S > 0, a class of locally Holder functions, Cch:L.to,
consists of f : R? — R such that for k = (ky,...,kq), k1 +---+kq < | f], mixed
partial derivative of order k, Dkf, is finite and for k| +---+kg = | f] and Az € Z,

DX f(z+ Az) — D £(2)] < L(2) || Az|P~1#lemollAal?,

Operator “<” denotes less or equal up to a multiplicative positive constant rela-
tion. J(€, A, p) denotes the e-covering number of the set A with respect to the
metric p. For a finite set A, let |A| denote the cardinality of A. The set of natural
numbers is denoted by N. The m-dimensional simplex is denoted by A”~!. I
stands for the k x k identity matrix. Let ¢, , denote a multivariate normal density
with mean u € R¥ and covariance matrix o2 I; (or a diagonal matrix with squared
elements of o on the diagonal, when ¢ is a k-vector).
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2.2. Assumptions About Data Generating Process

First, we assume that fj € CP-L.w, Second, we assume that X = [0, 174, except
for Section 5 where we consider possibly unbounded X. Third, g¢ is assumed to
be bounded above. Fourth, for all k < | f#] and some ¢ > 0,

Dk (2p+e)/k
/’ fojzo)flyxlf) Jo(ylx)dydx < oo,
/ L(y,x)

z | fo(ylx)

2p+e)/B
Jo(y|x)dydx < co. 2.1
Finally, for all x € X, all sufficiently large y € ) and some positive (c, b, ),
fo(ylx) < cexp(=b||y|["). (2.2)

2.3. Prior
The prior, I, on F is defined by a location mixture of normal densities

m ajexp{—O.Sllx—,u;‘Hz/az}

p(ylx,0,m) =
; Sy aiexp {=0.5]lx — uf|[2/o?

.00 @3)

and a prior on m € N and 6§ = (y;,y;?,aj,j =1,2,...;0), where ,ujyf e R%,
ut e R, a;j € [0,1], ¢ € (0,00). The covariate dependent mixing weights are
modeled by multinomial logit with restrictions on the coefficients and a common
scale parameter o . To facilitate simpler notations and shorter proofs, we assume
o to be the same for all components of (y, x), except for Section 6. Extensions to
component-specific ¢ ’s, which would result in near optimal posterior contraction
rates for anisotropic fp, can be done along the lines of Section 5 in Shen et al.

(2013).
We assume the following conditions on the prior. For positive constants
ai,as,...,as, the prior for o satisfies

II (a 2> s) < ajexp{—ays™} for all sufficiently large s > 0 (2.4)
11 (a -2 < s) < ags® for all sufficiently small s > 0 2.5)
H{s <c7? <s(1+t)} 2a6s”7tasexp{ agsl/z} s>0, re(0,1). (2.6

An example of a prior that satisfies (2.4)—(2.5) is the inverse Gamma prior for
o. The usual conditionally conjugate inverse Gamma prior for o2 satisfies (2.4)
and (2.5), but not (2.6). (2.6) requires the probability to values of ¢ near O to be
higher than the corresponding probability for inverse Gamma prior for ¢ 2. This
assumption is in line with the previous work on adaptive posterior contraction
rates for mixture models, see Kruijer et al. (2010); Shen and Ghosal (2016). Prior
for (ay,...,a;) given m is Dirichlet(a/m, ...,a/m),a > 0.
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IM(m =i) oxexp(—aypi (logi)™),i =2,3,..., ajo> 0,70 >0. 2.7

A priori, uj = (,ujy , ,u;‘ )’s are independent from other parameters and across j,
and ,ujyf is independent of ,u;‘. Prior density for ,u;‘ is bounded away from 0 on

X and equal to O elsewhere. Prior density for ,ujyf is bounded below for some
apz, 2 > 0by

anexp (—anllu]1?), 28)
and for some a3, 73 > 0 and all sufficiently large r > 0,

1-11I (,uj) €[—r, r]dy) <exp (—a13rT3) . 2.9)
2.4. Results

To prove the main result, we adapt a general posterior contraction theorem to
the case of conditional densities. We define the Hellinger, total variation, and
Kullback-Leibler distances for conditional distributions as special cases of the
corresponding distances for the joint densities. Therefore, the proof of the fol-
lowing result is essentially the same as the proof of Theorem 2.1 in Ghosal and
van der Vaart (2001) and is omitted here.

THEOREM 2.1. Let €, and €, be positive sequences with é, < €,, €, — 0,
and ng,% — 00, and c1, ¢, c3, and c4 be some positive constants. Let p be dy or
dy. Suppose F, C F is a sieve with the following bound on the metric entropy

J(En,}—n,p)
log J (€n, Fn, p) < cine, (2.10)
II(F,) < c3exp {—(cz +4)n53} , 2.11)

and for a generalized Kullback—Leibler neighborhood

K(fo,€) = [fi /fogolog(fo/f) <é, /fogo[log(fo/f)]2 <et,

(K (fo, ) > c4 exp{—chg,%}. (2.12)

Then, there exists M > O such that

Fg
I(f:p(fs fo) > Mey|Y", X") = 0.

Let us briefly discuss the assumptions of the theorem and their role in the proof.
Condition (2.10) controls the size of the sieve F;,, measured by the metric entropy.
The left (right) hand side of the condition increases (decreases) as €, decreases
and, thus, the condition provides a lower bound for the smallest posterior con-
traction rate the theorem can deliver. The condition implies the existence of a test
¢" of f = fo against {f € F,, : p(f, fo) > Me,} with appropriately decreasing
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errors of both types. This test is used in the proof to bound the expectation of the
integrand in the numerator of

I(f:p(f. fo) > MenY", X")

ff:ﬂ(f,f())>M5n Hi S |Xl)/f0(Yl|Xl)dH(f)

JT1; f(i1X0)/ fo(Yi 1 X)dTL(f)

multiplied by (1 —¢") for f € F,. A bound for the the remaining part of the
numerator, where f ¢ F,, is obtained from condition (2.11). Condition (2.12)
requires the prior to put sufficient probability on the Kullback—Leibler neighbor-
hoods of the true density. The left (right) hand side of the condition decreases
(increases) as €, decreases and, thus, the condition provides a lower bound for
the smallest contraction rate. In the proof of the theorem, (2.12) is used to show
that the denominator in (2.13) has an appropriate lower bound with probability
converging to 1.

Ghosal et al. (2000), who originally introduced a slightly more restrictive ver-
sion of the theorem with €, = ¢,, argue that the theorem requires the prior to
spread the mass on the model space almost “uniformly” in the following sense:
Suppose all the distances are equivalent and F,, = F so that (2.11) holds; then,
(2.10) implies that the model space can be covered by exp(clnez) balls of ra-
dius €, and (2.12) requires the probability of each ball to be comparable to
exp(—clne,zl). We refer the reader to Ghosal et al. (2000) for a further discussion.

(2.13)

THEOREM 2.2. Under the assumptions in Sections 2.2 and 2.3, the sufficient
conditions of Theorem 2.1 hold with

€n =n" P+ D (qogn)
where t > ty +max{0, (1 —71)/2}, to = (ds + max{r,1,72/7})/2+d/f), d =
dy+dy, ands =1+1/p+1/7.

The proof of the theorem is divided into two main parts. First, we establish the
prior thickness condition (2.12) in Theorem 3.1. Then, the conditions on the sieve
are established in Theorems 4.1 and 4.2.

3. PRIOR THICKNESS

The prior thickness condition is formally proved in Theorem 3.1. Let us briefly
describe the main steps of the proof placing it in the context of the previous lit-
erature. First, we recognize that the covariate dependent mixture defined in (2.3)
is consistent with the following mixture of normals for the joint distribution of

(v, x),

p(.x10.m) =" ajbu;.0(y.x), 3.1)
j=1

where uj = (17, u7).
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Second, we bound the Hellinger distance between conditional densities fo(y|x)
and p(ylx,0,m) by a distance between the joint densities fo(y|x)u(x) and
p(y,x|0,m), where u(x) is a uniform density on X. It is important to note that
Jo(¥|x)u(x) has the same smoothness level as fp(y|x).

Third, we obtain a suitable approximation for the joint distribution fo(y|x)u(x)
by mixtures p(y, x|6, m) using modified results from Shen et al. (2013). The idea
of the approximation argument is introduced in Rousseau (2010) in the context of
approximation of a univariate density by mixtures of beta densities. Kruijer et al.
(2010) use this idea for obtaining approximation results for mixtures of univariate
normal densities. De Jonge and van Zanten (2010) extend the idea to approxima-
tion of multivariate functions, but the functions they approximate are not neces-
sarily densities and their weights a;’s could be negative. Shen et al. (2013) use
the same techniques with an additional step to approximate multivariate densities
by mixtures with a;’s belonging to a simplex. It is not clear whether the mixing
weights they obtain are actually non-negative. In Lemma A.3 in the appendix,
we state a modified version of their Theorem 3 that ensures non-negativity of the
weights. With a suitable approximation at hand, verification of condition (2.12)
proceeds along the lines of similar results in Ghosal and van der Vaart (2001),
Ghosal and van der Vaart (2007), Kruijer et al. (2010), and, especially, Shen et al.
(2013), with modifications necessary to handle the case of conditional distribu-
tions.

THEOREM 3.1. Suppose the assumptions from Sections 2.2 and 2.3 hold.
Then, for any C > 0 and all sufficiently large n,

[ fo,é)) = exp {~Cné?}, (32)

where &, = n=P/CltD(logn)t, t > (ds +max{ry,1,72/7})/Q+d/p), s =1+
1/p+1/7, and (z, 11, 12) are defined in Sections 2.2 and 2.3.

Proof. By Lemma A.1, for p(-|-,0,m) defined in (3.1),

2
& o pC0.m) = [ (VARG = VpOTE0m) go(rdyds

<1 [ (VARG - V/pOigm) d(.x)

= C1d% (fou, p(-10,m)), (3.3)

where u(x) is a uniform density on X'.

For o, = [€,/1og(1/E,)1"/#, ¢ defined in (2.1), a sufficiently small 6 > 0, b and
7 defined in (2.2), ap = {(8f + 4¢ + 16)/(b0)}/*, a,, = ao{log(1/5,)}"/*, and
by > max{1, 1/2} satisfying &' {log(1/&,)}/* < &,, the proof of Theorem 4 in
Shen et al. (2013) implies the following three claims. First, there exists a partition
of {ze Z:|lz|| £ a¢,},{Uj,j=1,...,K} such thatfor j =1,..., N, U is a ball

by

with diameter a,,E,ZZ and center z; = (xj,y;); for j =N +1,...,K, U; is a set
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with a diameter bounded above by g,; 1 < N < K < Czan_d{log(l/é,,)}d”/f,
where Cy > 0 does not depend on n. Second, there exist 6* = {,u;,a;,j =
1,2,...;0,} with aj* =0for j> N, ,uj’.‘zzj for j=1,...,N, and ,uj*. € U; for
j=N+1,..., K such that for m = K and a positive constant C3,

du(fou, p(-10*,m)) < C3a/. (3.4)

Third, there exists constant By > O such that

Po(lzll > ag,) < Boo, P28, (3.5)
For 6 in set

So+ :{(:uj,aj,jzl,z,...;a): ujelU,j=1,...,K,

K
A *
Z‘“f %j

j=1

< 2Ey21dbl’ - I}ﬂnK“f > Ef{db'/Z,O'z c |:0.n2/ (1 +0—r12ﬂ) ,0-3] },
j=L..,

we have

K K
d3y (pC10%,m), pC10,m) < | D" @i b 5, = > @ibu;.0
j=1

Jj=1 1

3

Jj=1

*

‘(/5#;,0,1 _¢,Uj,0'n | + H¢,Uja0'n _¢ﬂj>” Hl]

N
+ Za}‘[
j=1

Forj=1,...,N, gbﬂ;,g,, = ®uj.0on 1 < H,u]*-—,uj H /oy, < &2 Also,
5 |1/2
O O
10 =, < V72|75 =1 =108 2%
o2 2
< Ci/d/2| 5 -1 Sa,”, (3.6)
o

where the penultimate inequality follows from the fact that |logx —x+ 1| <
Cylx—1)> for x in a neighborhood of 1 and some C4 > 0. Hence,
du(p(-10,m), p(-|6*,m)) < anﬁ and, by (3.3), (3.4) and the triangle inequality,
dn(fo, p(-l-,0,m)) < Csanﬂ for some C5 > 0, all @ € Sy, and m = K.

Next, for 6 € Sp+, let us consider a lower bound on the ratio
p(ylx,0,m)/fo(ylx). Note that sup, . fo(y|x) < co and p(y|x,0,m) =
o% p(y,x|0,m). For z € Z with |z| < dg,, there exists J < K for which

[lz—us|| € 0, Thus, for all sufficiently large n such that (7,12/(72 <2, p(z|0,m) >

min; ¢; - ¢, () = """ /210, %e ™" /(22)*/ and
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PO, 0,m)
foylx) —

Cééfldl"an—dy, for some Cg > 0. 3.7

for all j = 1,...,K. Thus, for all sufficiently large n, p(z|@,m) >
o, exp(=4zl1* /o)) /(2w )*/? and

. 2
For z € Z with |z > as,, [z—ui]" < 2021 + lul?) < 4]zl

p(ylx,0,m)
So(ylx)

Denote the lower bound in (3.7) by 4,, and consider all sufficiently large n such
that 4, < e~!. For any 0 € Sp+,

2
/ (log foO1) )1[”(y'x"9””’<zn]fo(y|x)go(x)dydx

> C70,,_dy exp (—4 ||z||2/0,%> , for some C7 > 0.

p(y|x,0,m) So(ylx)
o(ylx 2 y|x,0,m
- / (logp(’; o )m)) 1[” S ) l10a > 4| fo(yl0)go()dydx
4
— Iz1* fogodz < =3 Eo(1ZI%)' 2 (Po(I ZIl > ag,))'? < Cso, 7+
Oy Jlzl>ag, On

for some constant Cg. The last inequality follows from (3.5) and tail condition in
(2.2). Also note that

fo(ylx) 1[p(ylx,ﬁ,m) ]

< n

P()’|x,6,m) fO()’|x)

Il"g folyl) rlip(yu,e,m)d]
p(ylx,0,m) fo(ylx) "

<

and, thus,

/10 fo(ylx) 1[p(ylx,ﬁ,m)
P()’|x,6,m) fO()’|x)

By Lemma A4, both Eo(log(fo(YX)/p(Y|X,0,m))) and
Eo(Tlog(fo(Y[X)/p(Y|X,0,m))]%) are bounded by Colog(1/4,)20," < AEZ for
some constant A.

Finally, we calculate a lower bound on the prior probability of m = K and
{6 € Sp~}. By (2.7), for some Cjg > 0,

< An] fogodz < Cga 2P+

IT(m = K) o exp [—aloK(logK)”]
> exp| —Cror " {log(1 /&) +4/F+d/m+n]. 3.8)

From Lemma 10 of Ghosal and van der Vaart (2007), for some constants
C11,C12 > 0 and all sufficiently large n,
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> &b I%linK(Zj > €f{db‘/2‘m =K
j=1..,

K
A *
I1 E‘a] a;
j=1

> exp[—C11K log(1/&,)]
> exp| = Cioy " flog(1 /&) /P 3.9)

For 7, denoting the prior density of ,ujyf and some C13, C14 > 0, (2.8) implies

H(,u]' € Uj,j = 1,...,N)
d N
> [Ciamy (ag)diam(v))?)

> exp | —~Cuay P log(1 /&) +A/FHd/mamastle /o) | (3.10)

Assumption (2.6) on the prior for ¢, implies

I1 (0_2 € {an_z,an_z (1 +03ﬁ)})
> agan_z‘”a,%ﬁ“g exp {—agan_l} > exp {—Clsan_l } . 3.11)
It follows from (3.8)—(3.11), that for all sufficiently large n, s =1+ 1/+1/7,
and some Ci6 > 0
> exp [_Clﬁgn—d/ﬂ{log(l/gn)}ds+max{rl,1,72/7}:| )
The last expression of the above display is bounded below by exp { -C nE,%} for
any C > 0, &, = n~F/Cl+d (logn)!, any t > (ds +max{z1, 1,72/7})/ Q2 +d/p),

and all sufficiently large n. Since the inequality in the definition of ¢ is strict, the
claim of the theorem follows immediately. |

4. SIEVE CONSTRUCTION AND ENTROPY BOUNDS

For He N,0 <g <o,and u,a > 0, let us define a sieve

F={pOlx,0,m):m<H, a; >a,

o €lo.7lu e [-mE", j=1.....m). @.1)

In the following theorem, we bound the covering number of F in norm

dss(fi, f) = SUE(”fl Olx) = 20121 -
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THEOREM 4.1. For0 <e <landag <1,

H-1
16d, 1% [48d, 1% loe(a~!
J(f,f,dss)SH[ ﬂy—‘ { —‘ | loee)

¢ o2e log(14¢€/[12H])

log(c /o)
log(1 + o2%¢/[48max{dy,dy}]) |
For a < 1/2, all sufficiently large H, large o and small o,
(F) <H?expl—ainii™) + Ha"/" +exp{—aioH (log H)™)

+aj exp{—arg T2} + agexp{—2aslogT}.

Proof. We will start with the first assertion. Fix a value of m. Define set S;’fy
to contain centers of |Sm‘ | = [16udy,/(ge€)] equal length intervals partitioning

[—7, z]. Similarly, deﬁne set 7 to contain centers of | S| = [48d./ (a%e)
equal length intervals partitioning [0, 1].
For Ny = [log(a™")/log(1 4 ¢/(12m))], define

Q(X:{yj’j:l""’N(X: VIZQ» (Vj+1_)’j)/)’j:E/(lzm),]zl,»Na_l}

and note that for any y € [a, 1] there exists j < N, such that 0 < (y —y;)/y; <
€/(12m). Let ™ ={(a1,...,am) € A" 1 Gj € Qu, 1 < j1 < jo <+ < jm—1 <
m}. Note that |S)'| < m(N,)™ . Let us consider an arbitrary « € A”~!. Since Si
is permutation invariant, we can assume without loss of generality that e, > 1/m.
By definition of S}, there exists & € S, such that 0 < (a; —d;)/d; < €/(12m)
forj=1,...,m—1. Also,

[t — Gm | o | — G . Z;’;_ll &j (aj _&j)/&j < €
min(o,, Gm)  Gm Om - 12

Define S, = {c/,1=1,...,N, = [log(c/a)/(log(l + %€/ (48 max{dy,dy})],
ol =g,(c"! —¢!) /0! = 5%¢/(48max{d,,d,})}. Then |S, | = N,

Below we show that

Z{P()’|X,6,m)m<H aESm,O'ESO-,
1) € Site, i € Sitv, j <m, 1 < dy, k < dy)

provides an e-net for F in dgs. Fix p(y|x,0,m) € F forsome m < H,a € A™!
with o; > a, u* € [0, 11%, 1 € [-@,7]% and ¢ € [0,7] with 6! < o < o'+

Find @ € S, i) € S}, ﬂj).'k € Syy,and G =gy € Sy such that forall j =1,...,m,

k=1,...,dy,and [ =1,...,dy

2 ~ ~ 2
g€ a/_a/<i lo —a| o€

;‘Cz| <=, <, < .
96d, a; 12 o 48 max{d,,d,}

|:“Jk /‘]kl |/‘/l

- 16d

Let Kj = exp{—0.5]|x — ,u;‘ [|?/52}. The proof of Proposition 3.1 in Norets and
Pelenis (2014) implies the following inequality for any x € X !
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s Sl a1K; — K| N >l Ko —al
20K 2K )

It is easy to see that

dy

||¢#»/Y,g _Qb,}/?,,;”l <2
: : =

IN

€
s

i =il | o =3
J ~] + ~
] oNO oNO

Also,

m il m ot ~
2 j—10|K; —Kil 25 Kjlaj —aj]
m m
2 -1 K; 2 -1 K;
K —K: O — @ K:—K:lla; — &
Smfdx| j J|+max| j J|+maxl j — Killej = a1
J K; J aj J o K;

Since |aj —ajl/aj < €/12 and € < 1, the above display is bounded by € /4 if we
can show |K; — K;|/K; < €/12. Observe that

X2 _ =2
= 1P Il =

202 262

111 1 <? 1 <? l?
<3|z l-wl |- - le-a

=P =a)/el e = 311 (A1l + 1311+ 117511

- a? 202

€ € €
L, € _ € 4.2
“*wtrTw 4.2)

where the penultimate inequality follows from ||x — x5 | 1> <dy,2||x]|+ e 11+

17711 < 4dy’?, and ||} = 11 < dy/* max; |25y = fify|. Now since |1 —¢*| < 2x|

for |x| < 1,
K= K| =51 Jlx = 12
—— =|l-ex R / 4.3
K; p{ 252 252 ] @.3)
=@ I1P lx—afl?| e
— < —.
- 202 262 12

This concludes the proof for the covering number.
Next, let us obtain an upper bound for IT(F¢). From the assumptions in
Section 2.3,
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N@j efl,....m}, st € [, 7Y) < mexp(—aiii™).
For all sufficiently large H,

o

II(m > H)=C, Z e—0i(logi)™ <C /oo e—@or(log )1 7., < e~ @0 (log )1
i=H+1 H

Observe that a;|m ~ Beta(a/m,a(m — 1)/m). Considering separately a(m —

1)/m—1<O0anda(m—1)/m—1> 0,itis easy to see that (1 —g)2m=1D/m=1 <2

for any g € [0,a] and @ < 1/2. Thus,

F(a) 3 a/m—=1¢4 _ a(m—l)/m—ld
F(a/m)r(a(m—1)/m)/O q (1-9) q

a
< F(a) 2/ qa/M—ldq
L(a/m)I'(a(m—1)/m) Jo
r 2 a/m
= (@20 <@+ e/ = C@ye®’™,  @4)
I'a/m+ DI (a(m—1)/m)
where the final inequality is implied by the following facts: T'(a/m +
1) > [[°q"e™9dg > e" and T(a(m — 1)/m) = [} ¢*"~D/"=1le=9dq >
me~Ja(m—1).
Consider (o ¢ [0,5]) =(c~' >a )+ T(c~! <7 ). Since the prior
for o satisfies (2.4) and (2.5), for sufficiently large ¢ and small g

(aj <alm) =

Mo~ >0 < arexp{ w2},
No '<e Y <ag > =ay exp{—2asloga}. 4.5)
Now observe that
M) <1 (3Im < H,3j < m, s & (=7 AD)) +T0n > H)
+ Il(o ¢ [Q,F])+H(E|m <H,3j<m,staj <g‘m)

<3 (4 ¢ (-7 7" ))
m=1

H
+ ZmH(aj <alm)+II(m> H)+11(c ¢ [g,o])
m=1

_H(H+D)
- 2

+ exp{—0.5a10H (log H)"'} + T1(c ¢ [0,7])
< Hexp{—ai3g™}+ Ha /"

+exp{—ajoH (logH)"}+ (o ¢ [a,7]). [ |

C(a)a*'™

. H(H+1
eXp{—alaﬂ”}Jri( 3 )

THEOREM 42. For n > 1, let ¢, = nP/CF+d(ogn)', &, =
n=hICE+d) (logn)o for 1o > (ds + max{r(,1,72/7})/2 + d/B) and define
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Fnoasin (4.1) with €e =¢,, H = ne,%/(logn), a=e"M g =p"1/25B) ="
and @ = n'/™. Then for all t > to + max{0, (1 — 7)/2}, and some constants
c1,c3 > 0and every ¢y > 0, F, satisfies (2.10) and (2.11) for all large n.

Proof. Since d| < dss and dj, < dlz, Theorem 4.1 implies
log J (€5, Fn, p) < c1Hlogn = clne,%.
Also,
II(Fy) < Hzexp{—amn} + Hzexp{—an} +exp{—aioH (logH)"'}
+ ajexp{—azn}+ asexp{—2asn}.

Hence, II(F;) < e_(02+4)”€f% for any ¢ if e,zl(logn)“_l/g,% — 00, which holds
for t > to+ max{0, (1 —71)/2}. [ |

5. UNBOUNDED COVARIATE SPACE

The assumption of bounded covariate space X" in Section 2 could be restrictive
in some applications. In this section, we consider a generalization of our result
to the case when the covariate space is possibly unbounded. We re-formulate the
assumptions on the data generating process and the prior distributions below.

5.1. Assumptions About Data Generating Process

Let X c R% . First, let us assume that there exist a constant # > 0 and a probability
density function go(x) with respect to the Lebesgue measure such that 7go(x) >
go(x) forall x € X and fo(y,x) = fo(y|x)go(x) € CF-L-0. Second, we assume
go satisfies

/ I g0 (x)dx < B < 00 (5.1)

for some constant x > 0. Third, fo(y, x) is assumed to satisfy
(2B+e)/k

.
/Z %(y);)x) fo(y,x)dydx < 00,

Liy.x) |@B+B
/Z % Foy, x)dydx < oo (5.2)

for all k < [f] and some ¢ > 0. Finally, for all sufficiently large (y,x) € Y x X
and some positive (c, b, 7),

foy,x) < cexp(=blI(y,)II"). (5.3)

Let us elaborate on how the above assumptions allow for fj of smoothness
level f. First of all, the original assumptions on the data generating process for
the bounded A’ are a special case of the assumptions here with gg being a uniform
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density on X. Second, when covariate density go has a higher smoothness level
than f and 3o = go. the assumption fy € C/>L>% essentially restricts the smooth-
ness of fy only. Finally, when g¢ has a lower smoothness level than £, then our
assumptions require existence of a sufficiently smooth and well behaved upper
bound on gop in addition to fp having smoothness level /5.

5.2. Prior

The assumption on the prior for ,u}‘ is the only part of the prior from Section 2.3
that we need to modify here. Similarly to the prior on u jy , we assume that the prior
density for ,u}‘ is bounded below for some a4, a1s, 74 > 0 by

araexp (—arsll1™),

and for some aj¢, 75 > 0 and all sufficiently large r > 0,
1-11 (,u;‘ €[—r, r]dx> > exp (—a16r75) .

COROLLARY 5.1. Under the assumptions in Sections 5.1 and 5.2, the poste-
rior contracts at the rate specified in Theorem 2.2.

Proof. We will first show that an analog of the prior thickness result from The-
orem 3.1 holds with the same choice of €,. By Corollary A.2 in the appendix, for
p(:|-,0,m) defined in (3.1),

d2(fo. p(1-0,m)) < Crd% (fogo. p(10,m)). (5.4)

Since the joint density fpgo satisfies the assumptions of Theorem 4 in Shen et al.
(2013), the rest of the proof of the prior thickness result is exactly the same as the
proof of Theorem 3.1 except for 7, in (3.10) would now denote the joint prior
density of (,u]y, ,u;‘)

Next, we will construct an appropriate sieve. For sequences a, t, 0", H,0,0
to be chosen later, define:

‘F:{p(y|-x999m):m S H; aj Zg» o € [293]9

W e =Y, uf e = TN, =1, m).

The choice of Sr, an e-net of F is the same as in the proof of Theorem
4.1 with the following modifications. SZ’X now contains centers of |SZ’X| =

[192d, (77*)?/(c%€)] equal length intervals partitioning [—z*, ¥ ]. We also need
an adjustment to S, here:

S, — {o‘l,l =1,....N, = (1Og(g/g)/(log (1 +o¢/ (384(ﬁx)2max{dx,dy})-‘,al =0,
(¢t —o)/a! =226/(384(7()2ma"{d"’d>’})}'

Since we are dealing with possibly unbounded X here, we will find the
covering number of F in d; instead of dss. The only part different from
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the proof of Theorem 4.1 is the treatment of ‘K g -K j‘ /Kj. To show that

f‘Kj - I?,-’/Kjgo(x)dx < €/12, we divide the range of integration into two
parts: X1 ={x e X' : |x| <u,[=1,...,d,} and X'\ A].

For x € X}, the same argument as in the bounded covariate space (inequal-
ities in (4.2) and (4.3)) combined with [lx|| < dy/*7*, |lx — u¥|? < 4(7)*dy.

~ —x 41/2 ~ _
201l + I+ 1] < 477 dy%, o = 51/0 < o2e/(384(")2dy) and |uj —
il < €0/ (1924, 7) imply | K; = K| /K < /24,
For x € &'\ A, the left hand side of (4.2) is bounded above by

(21112 + 20117 ) e/ (384G 2 ) + (1611 +di "7 i P/ (1927 ) (5.9)
< €/96+ ||x| 1%/ (192(76)%) T Ixlle/ (192ﬁxcz1/2) (5.6)
< €/96+ ||x| 1%/ (%ﬁw‘/z) (5.7)

where the last inequality holds for @* > 1 as ||x|| > &* for x € X'\ A]. Since
[1—e’| <ellforallr e R,

K —K: 2
- _J §exp(i+%),VxeX\Xl.
K; 96 96d,/ T
Now,
K —K: K —K: K:—K:
2 zotwnax < / L ot [ | S qowds
j Jx, j JX\X, K;

¢ elrl?
< d
<0 5g) 0 (i oo

< 3 ex p(%)/ exp (= ||x||2)exp (e 117) o),

where k. =k — e/(96d,1/2ﬁx) > /2 for small € and large z7*. Since ||x|| > &~ in
X\ X1, we have

i

J

_24

| g0()dx < 37 +exp (96)6Xp(—'€(ﬁx)2/2) /X\X. exp (x [1x[1%) go (x)dx

<% +Bexp(96)exp(—’<(ﬁx)2/2)’

where B is defined in (5.1). For (%)% > —(2/k)log{ee™¢/%% /24 B},

/

Hence for (7¥)* > —(2/x)log{ee¢/°®/24 B}, following the proof of Theorem
4.1 we obtain,

Kj—
KJ

d <—
L\ go(x)dx < TR

https://doi.org/10.1017/50266466616000220 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466616000220

ADAPTIVE BAYESIAN ESTIMATION OF CONDITIONAL DENSITIES 997

167d, 17 [192d, (7%)? s log(a™") "~
J(e,f,dl)sH-[ ’1 : p | e+ e /T2HD

ge o€ log(1+¢€/[12H])

log(a /o)
log(1+2%¢/[384(z" ) max{dy. dy}]) |’
Observe that IT(F°) is bounded above by

H? exp{— a13,u”}+H exp{— alﬁ(ﬂx)“}+H2 a/H
+ exp{—aioH (logH)"'} + (0 ¢ [0,7]).

The rest of the proof follows the argument in the proof of Theorem 4.2 with the
same sequences and ¥ = n!/%. |

6. IRRELEVANT COVARIATES

In applications, researchers often tackle the problem of selecting a set of relevant
covariates for regression or conditional distribution estimation. In the Bayesian
framework, this is usually achieved by introducing latent indicator variables for
inclusion of covariates in the model, see, for example, Bhattacharya, Pati, and
Dunson (2014), Shen and Ghosal (2016), Yang and Tokdar (2015). This is equiv-
alent to a Bayesian model averaging procedure, where every possible subset of
covariates represents a model. It is straightforward to extend the results of the
previous sections to a model with latent indicator variables for covariate inclusion
and show that the posterior contraction rate will not be affected by the irrelevant
covariates. In this section, we show that even without introduction of the indica-
tor variables, irrelevant covariates do not affect the posterior contraction rate in a

version of our model with component specific scale parameters.

Let@:{y;,y;,aj,j:1,2,...; ay:(aly,...,ajy),ax:(af‘,...,aa),‘x)}and

2
mo 0 epr—O.S > (xk—,u;.‘k) /(015)2]

p(ylx,0,m)=>" 7P )
X aexp [-0.5% (- i)/ (o))
Suppose fo depends only on the first do < d, covariates X140 = (x1, ... xdo)

with the marginal density g, a0 Let us assume conditions (5.1)— (5 3) from Section

5.1 with the following change in the definition of fy: for # > 0 and a probabil-
ity density function g, &0 (x dQ) with respect to the Lebesgue measure such that

n8140(x140) = 8140(x1q0) forall x € X and fo(y, x;40) = fo(¥1x140)&140(x140) €
CP-L-w0_ In addition, let us assume that the tail condition (5.3) holds for fpgo.
Forl=1,...,dyandk=1,...,d,, aly and a,f are assumed to be independent
a priori with densities satisfying (2.4)—(2.6). Other parts of the prior are assumed
to be the same as in Section 5.2.
Let us briefly explain why we introduce component specific scale parameters.
Our proof of the following corollary exploits the fact that when u }‘k =0fork > dg

https://doi.org/10.1017/50266466616000220 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466616000220

998 ANDRIY NORETS AND DEBDEEP PATI

and all j, covariates x; for k > dg do not enter the model, and for ,u}‘k near zero
and large o} for k > d)? this holds approximately. At the same time, approximation
arguments in the prior thickness results require ;' very close to zero for k < d)?.
Thus, we need to allow scale parameters for relevant and irrelevant covariates to
take different values (our assumption of different scale parameters for components
of y is not essential for the result).

COROLLARY 6.1. Under the assumptions of this section, the posterior con-
tracts at the rate specified in Theorem 2.2 with d = dy + d replaced by d’ =
dy+dY.

Proof. First, consider the prior thickness result in Theorem 3.1. For any 6 let

— Yy X X R . X X
Hd'g—{,uj,,ujl,...,ujd)?,aj,]—1,2,..,, gy,al,...,adg}

and define p(-|-, Hdg, m) and p(-|9d9, m) as before with (y,xldg) as the arguments.
By the triangle inequality, '

dh(f(), p(l,e;m)) < dh(fo; p(|»edg’m))‘i'dh(P(',‘ng’m), p(|,9,m))

By Corollary A.2 in the Appendix, di(fo, p(:I-,0,0)) < C1du(fogy40. P(-1040))-
By the argument leading to (3.4) and (3.5), there exist 9;‘0 such that

_ 4p+2e+8
di(fog140: P(16%y.m)) < Caoh, Po(lly. X1l > ag,) < Booy” ", 2j and U are
defined on the space for (y,xldg), and 1 < N <K < Czan_do{log(l/E,,)}d()*do/f.

Let

So={ (o0, J =120 507, 0%) 1 (i i) €U,

(@) (0) € [02/0 402, 02] 1 < dy, k< d%
(o) e [agn,zagn], k =d§3+1,...,dx}.
For 0 € Sg- and m = K., as in the proof of Theorem 3.1,
du (foéldg, p (-\ng,m)) <dp (foéldg, p (-\959,"1))
+du (p (10sm). p (+1050:m)) = Csaf. 6.

Next, we tackle dj, (p (-], 6d9 ,m), p(+|-,8,m)). Following the entropy calculations
in Theorem 4.1, we have form = K,
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Pl bagem). pCl0.m) < [ max 1K= Kyl [K; | gota)dx,

where
2
K s (xk_”fk)
j=expy1—) ——1,
k=1 2(“1?)2
- dy (Xk—ﬂfk)z dx x,%
Kj=exp|— B —Z )
o1 2(of) k=d9+12(‘7k)

and K ; is normalized in a convenient way. To show that [|K; —
K il/Kjgo(x)dx < 20,% p , we divide the range of integration into two parts: X} =
xeX:|x<A,l= d)9+ 1,...,dy} and X'\ X1, where A, = agn log(B/a,%ﬁ)
and B is defined in assumption (5.1). Observe that for 6 € Sp«, x € A, and all
sufficiently large n,

dzx @u— 0150|240 di—dDai
2 - 2 -
k=d0+1 200 “on

and, hence, using |1 —e"| < |r| for |r| < 1, we obtain for § € Sy and x € X,

bl d X X
K;—K;j Q= ) (= a5y
—_ " =|1—exp Z Jjk Jjk
K; 2(0‘;)2
k=dQ+1
240(dy —dD)on&y”
< — <ol (6.2)
On
Forx € X'\ & using |1 —e”| < el
Ki—K; s L2
/ max | —L——L|gp(x)dx < / ¢ Th=di+1 a3, e"”x”zgo(x)dx.
xX\x; lsjsK j X\X)

For x € X\ X1, & |x]? > w(dy —dD) " (X8, a)? 22355 0l /a2,

k=d0+1 k=dd+1
and hence
J I%j —Ay /a2 28
max go(x)dx < Be™“n/fon < g F. 6.3)
x\u l<i<k| K

From (6.2) and (6.3), it follows that d;, (p(-|-,640), p(:|-,6)) < 21265
Next let us establish an analog of (3.7) when ||(y,x)| < a4,. Using the ar-

gument leading to (3.7) with H (v, x190)|| < do, and ((xx — ,u;?k)/glfy < 4 for

k:d£+1,...,dx, j=1,....,m, we getfor 8 € Sy~ and || (y, x)| < a,,,
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pOlx.0.m) 1 4, & = pp)?
> min PLUAC  h z o
A0 = folylx) =t e T2

~440 —d
2 CSszd blo-n T = A

For ||(y,x)|l = ag,,
1<j<m 20‘

2 2
—d. a;
> Ci0, 4 exp( Cs—=2 —Cy _||y|| )
0' 0'

n n

. ly — w117
p(y|x,0,m)> min Csand)exp[ 71

implies

foylx) 2 lyll*
[Ing<y|x,9,m>] = Co (an P )

Then, following the proof of Theorem 3.1,

2
/ Ilog folylx) ]1[”(y'x’9"”)<zn]f<y|x)go<x>dydx

p(ylx,0,m) So(ylx)
1/2
a3 Po(1Z] > as,) N Eo(IY1®) PPo(1ZIl > ag,))'?
T 7
< C12025+3/2 /2 ;1” < ¢ 025+s/2

The rest of the proof of Eg(log(fo(Y|X)/p(Y|X,0,m))) < AE,% and
Eo(llog(fo(Y1X)/p(Y|X,0,m))]?) < AE,zZ goes through without any changes.

The lower bound for the prior probability of Sg« and m = K is the same as the
one in Theorem 3.1, except d is replaced with d°. The only additional calculation
for a,f, k= do +1,...,d, follows from Assumption (2.6),

(o) 7% € lag?/2,a57]) Z ag 2.
In the definition of sieve (4.1), let us replace condition ¢ € [g, 7] by
Uly,alf €le,ol,l=1,....dy, k=1,...,d,.

The presence of the component specific scale parameters and the dimension of
x affect only constants in the sieve entropy bound and the bound on the prior
probability of the sieve complement. Thus, Theorem 4.2 holds with d replaced
by d°. [

7. FINITE SAMPLE PERFORMANCE

In this section, we evaluate the finite sample performance of our conditional den-
sity model in Monte Carlo simulations. Specifically, we explore how the sample
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size and irrelevant covariates affect estimation results. We also compare our esti-
mator with a conditional density kernel estimator from Hall et al. (2004) that is
based on a cross-validation method for obtaining the bandwidth. Hall et al. (2004)
showed that irrelevant covariates do not affect the convergence rate of their esti-
mator, and, thus, this estimator appears to be a suitable benchmark. The kernel
estimation results are obtained by the publicly available R package np (Hayfield
and Racine (2008)).

It has been established in the literature (see, for example, Villani et al. (2009)),
that slightly more general specifications of covariate dependent mixture models
perform better in practice. Thus, we use the following specification

m 0 exp{—O.S Zz‘:l (Xk _ﬂj_(k)z/(glfs}*k)z}
POl b.m) =D — p 2
S aexp {053 (- uh)/ (of'sh) )

Pvpovsy (), (11)

where x’f3; are used instead of locations x ]y x includes zeroth coordinate equal 1,

and local scale parameters ( ]y .8 k) introduced in addition to the global (a) op )
The prior is specified as follows,

BN @H”)M%N@ﬂﬂy
N2 iid 2 jid

(Sjy) ~ G( sy) )’ (sfk) ~ G( sxk> sxk) k=1,....dx,
N —1 iid —1 iid

(0)) ~ G (AU)”EU)’) ’ (o-lf) ~G (Aaxk’ axk) k= L...,dx,

(al,"'aam)lm ij\‘? D(g/maag/m)a

H(m = k) = (eAn —1)e=Ank,

where G(A, B) stands for a Gamma distribution with shape A and rate B. In
Theorem A.5 in the Appendix, we show that an analog of Corollary 6.1 holds for
this slightly more general setup. To obtain estimation results for this model we

use an MCMC algorithm developed in Norets (2015).
We use the following (data-dependent) values for prior hyper-parameters:

-1 -1
£=(inx§) zxiyi,ﬁ?:gﬁ(zxm{) Z(yi—x,fﬁ)z/n,

l
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Ak =C5o By = ¢55 Ay = ¢, By =,
a=15 A, =1,

where cp= 100, ¢, = 0.1, ¢, = 10. Thus, a modal prior draw would have one
mixture component and it would be near a normal linear regression estimated
by the least squares. As Figure 1 illustrates, the prior variances are chosen suffi-
ciently large so that a wide range of densities can be easily accommodated by the

prior.
x=(0.1,0.1)

20 : ; . . ( - ) . , : .

15 1
x
=10r g
a

51 _ 1

0 - —"""——-7{-3‘:.\‘— aln L L 1 L

-0.6 -0.4 -0.2 0 02 0.4 0.6 0.8 1 1.2 1.4

30 T T T T T T T
2 B
x
>
a

10 7]

. !f'---"‘;!
0 L I 1
-0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 1.2 1.4
y
x=(0.9,0.9)'

20 : : : : ( - ) : , , .

15 g
x
=10r b
a

5 — -
0 I L i - D e L=
-0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 1.2 1.4
y
===== prior mean = = = 0.01 prior quantile 0.99 prior quantile == true

FIGURE 1. Simulated prior conditional densities for dy = 2 and x € {(0.1,0.1),
(0.5,0.5)’,(0.9,0.9)’}. The solid lines are the true DGP values, the dash-dotted lines are
the prior means, and the dashed lines are pointwise 1% and 99% prior quantiles.
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The DGP for simulation experiments is as follows: x; = (x;1, ..., X4, ), Xik ~
U[0,1] (or xjr ~ N(O.S, 12_1/2) for an unbounded support case) and the true
conditional density is

foWilxin) = e XN (yi5 xi1,0.1%) + (1 — e 2 N (i3 x4, 0.22). (7.2)

Note that the DGP conditional density depends only on the first coordinate of x;,
the rest of the coordinates are irrelevant. This DGP was previously used without
irrelevant covariates by Dunson et al. (2007), Dunson and Park (2008), and Norets
and Pelenis (2014).

The kernel estimates reported below are obtained by functions npcdensbw
(bandwidth selection) and npcdens (conditional density estimation) from R pack-
age np. We use np’s default parameter values for these functions: Gaussian kernels
and likelihood cross-validation for selecting a vector of bandwidths.

For each estimation exercise, we perform 5,000 MCMC iterations, of which
the first 500 are discarded for burn-in. The MCMC draws of m mostly belong
to {3,...,13}. Figure 2 presents Bayesian and kernel estimation results for one
dataset of size n = 1000 and d,, = 2. Each panel in the figure shows the DGP den-
sities, the kernel estimates, the posterior means, and the posterior 0.01%-quantiles
conditional on a particular value of covariate x. As can be seen from the figure,
the estimation results from both approaches can be pretty close.

In every Monte Carlo experiment we perform, 50 simulated datasets are used.
For each dataset, the performance of an estimator is evaluated by the mean abso-
lute error

MAE =

Ny Ny ~
Zigl Zj=1 f i |xj) — fO()’i|xj)
Ny Ny ’

where x; € {0.1, 0.5,0.9}% and y; belongs to a 100 points equal spaced grid on
the range of simulated values for y. The results for the root mean squared error,
the Hellinger distance, and the MAE are qualitatively the same, and, thus, only
results for MAE are reported here.

Table 1 presents estimation results for 9 Monte Carlo experiments based on
different values of n, d,, the covariate support, and the prior. The table gives
MAE for the kernel and posterior mean estimators averaged over 50 simulated
datasets. It also shows the average difference between MAEs of the two estima-
tors and the corresponding #-statistics. In all the experiments, the posterior mean
estimator performs better than the kernel estimator and the differences are highly
statistically significant. The first three rows of the table present the results for the
covariates with bounded support, dy = 1, and n € {102, 103, 104}. As expected,
the MAE decreases as the sample size increases for both estimators. The next five
rows of the table show the results for dy € {1,3,5} and n = 103 for covariates
with bounded and unbounded support. Even though the posterior mean outper-
forms the kernel estimator in absolute terms, the MAE for the kernel estimator
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x=(0.1,0.1)’

4 T T T T

----- post mean = = = 0.0001 post quantile 0.9999 post guantile trug e kernel

FIGURE 2. Estimated conditional densities for dy = 2 and x € {(0.1,0.1),
(0.5,0.5)’,(0.9,0.9)'}. The solid lines are the true values, the dash-dotted lines are the
posterior means, the dotted lines are kernel estimates, and the dashed lines are pointwise
0.01% and 99.99% posterior quantiles.

increases slower in the number of irrelevant covariates: for x;x ~ N(0.5,1271/2)
(xix ~ U[0, 1]), the MAE increases only by 0.0007 (0.002) as d, changes from 1
to 5; the corresponding increase for the posterior mean estimator is 0.01 (0.022).
The last row of the table shows the results for d, =1, n = 103, and the fol-
lowing alternative prior hyperparameters: ¢, = 200, ¢, = 0.2, ¢, = 15, a = 12,
and A,, = 2. Thus, the results are not very sensitive to reasonable variations in
(cpsCprCyoa, Ay

The dimension of the covariates does not noticeably affect the computing time
for the posterior mean estimator. The computations for the kernel estimator are
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TABLE 1. MAE for kernel and posterior mean estimators

Xik ~ 80 dx n Bayes Kernel B-K % (B < K) t-stat
uUlo, 1] 110> 0107  0.164  —0.058 1 —15.47
uUlo, 1] 110 0032 0.040  —0.008 0.88 —8.28
uUlo, 1] 1100 0062 009  —0.033 1 ~16.16
uUlo, 1] 3100 0074 0097  —0.022 0.96 —13.40
uUlo, 1] 5 100 0084 0098 —0.015 0.86 ~7.88
N(05, 12712y 1 10> 0028 0054  —0.026 1 ~15.33
N(0.5,12712) 3 10 0033 0054  —0.021 1 ~11.78
N(05,12712) 5 10 0038 0054  —0.017 0.92 —8.88
uUlo, 1] 1 10° 0060 009  —0.036 1 ~17.72

very fast for low-dimensional covariates. They slow down considerably when d
increases. For dy = 5, the posterior mean is slightly faster to compute than the
kernel estimator.

Overall, the Monte Carlo experiments suggest that the model proposed in
this paper is a practical and promising alternative to classical nonparametric
methods.

8. CONCLUSION

We show above that under a reasonable prior distribution, the posterior contrac-
tion rate in our model is bounded above by ¢, = n=#/F+d) (1ogn)! for any

t>[d(1+1/+1/7)+max{r1,1,72/7}]/2+d/f)+max{0, (1 —71)/2}.

Rate n~#/2h+4) is minimax for estimation of multivariate densities when their
smoothness level is  and dimension of (y, x) is d. Since the total variation dis-
tance between joint densities for (y, x) is bounded by the sum of the integrated
total variation distance between the conditional densities and the total variation
distance between the densities of x, the minimax rate for estimation of con-
ditional densities of smoothness £ in integrated total variation distance cannot
be faster than n=#/(#+4)_Thus, we can claim that our Bayesian nonparametric
model achieves optimal contraction rate up to a log factor. We are not aware of
analogous results for estimators based on kernels or mixtures. In the classical set-
tings, Efromovich (2007) develops an estimator based on orthogonal series that
achieves minimax rates for one-dimensional y and x. In a recent paper, Shen and
Ghosal (2016) consider a compactly supported Bayesian model for conditional
densities based on tensor products of spline functions. They show that under suit-
able sparsity assumptions, the posterior contracts at an optimal rate even when
the dimension of covariates increases exponentially with the sample size. An ad-
vantage of our results is that we do not need to assume a known upper bound on
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the smoothness level and the boundedness away from zero for the true density.
The analysis of the posterior contraction rates in our model under sparsity and
increasing dimension of covariates is an important direction for future work.

NOTE

1. Norets and Pelenis (2014) use this inequality in conjunction with a lower bound on K;, which
leads to entropy bounds that are not sufficiently tight for adaptive contraction rates.
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APPENDIX

LEMMA A.1. Suppose f, fo € F, go(x) < g < 00, g(x) and u(x) are densities on X,
u(x) > u > 0. Then,

45 2
G =2 [ (VRGWE® -/ ToREm) dvas

u
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Proof. Observe that

2
G ) = [ (VO = VTOm) gotodvax

g 2
<2 / (VAoGut) = FOmuw) dydx
u
< 27g(I+II), (A1)
where 1 = [(J/folylnu(x) - f(ylx)g(x))zdydx, I = [(VTOR® —
FOmu() ) dydx.
Observe that
IIS/(Vg(X)_m)dezz(l—/ g(x)u(x)dx) <1 (A.2)

The final inequality in (A.2) follows since [/fo(y|x)f(Ix)dy <
% (f folx)dy + [ f(ylx)dy) = 1. Combining (A.1) and (A.2), we obtain

43 2
Gfon N =a1="2 [ (VROWI® -7 GHst) dvd m

COROLLARY A.2. Suppose f, fo € F, g(x) and go(x) are densities on X, with g
satisfying ngo(x) > go(x) for some constant n > 0 and all x € X. Then,

2
Ghon ) =41 [ (VROWEW —VFOIE) dydr.

To prove the corollary note that the inequality (A.1) in the proof of Lemma A.1 holds
under 7g¢(x) > go(x) with u replaced by gg and g/u replaced by #. The rest of the lemma’s
proof applies with gq replacing u.

LEMMA AJ3. In Theorem 3 of Shen et al. (2013), replace their gz = f5 +
(1/2) fol{fo < (1/2) fo} with g6 = fo + 2| fo |1{fs < 0}, where notation from Shen et al.
(2013) is used. Then, the claim of the theorem holds.

Proof. With the alternative definition of g, the proof of Shen et al. (2013) goes through
with the following changes. First, 1 < [ g5 (x)dx = [ fo(x)dx +2 [|fo |1{(f5 <0} <
1+3fAC So(x)dx < 1—|—K2025. Second, replace inequality ry < g5 with (1/2)rs < go. R

LEMMA A.4. There is a Ly € (0, 1) such that for any A € (0, Ag) and any two condi-
tional densities p,q € F, a probability measure P on Z that has a conditional density
equal to p, and dy, defined with the distribution on X implied by P,

|
PlogZ <d2(p,q) (1 +210g7) +2P {(mgﬂ) | (2 < A)]
q 4 q P

https://doi.org/10.1017/50266466616000220 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466616000220

ADAPTIVE BAYESIAN ESTIMATION OF CONDITIONAL DENSITIES 1009

Proof. The proof is exactly the same as the proof of Lemma 4 of Shen et al. (2013),
which in turn, follows the proof of Lemma 7 in Ghosal and van der Vaart (2007). |

THEOREM A.5. Assume [ satisfies the assumptions in Section 6 with dy = 1. Then
the model (7.1) in Section 7 and the prior specifications following it leads to the same
posterior contraction rate as specified in Corollary 6.1.

Proof. In the following we will verify prior thickness condition with the same €, (with
dy = 1) as in Corollary 6.1 and modify the sieve construction accordingly. The proof pro-
ceeds along the lines of the proof of Corollary 6.1. The main difference is that the following
joint density is used in bounds for the distance between conditional densities

dy
m ajexp{—0.5 Zk=1 (xk —#fk)z/(gk ]k)z}

PO x10,m)=>" D g gvs? )
S aiexpl =05 X (i — i) (s
m
'Zaj¢lu;,ﬂ"‘osf(x)s
j=l1

where o denotes the Hadamard product. The intercept absorbed in the notation “x’f ;7 in
(7.1) is denoted by u ]y here. Let

_ y o x _ X X X
gdo_{'uj"“jldg_('ujl""’fujdo) aja jldo (Sjl""’sde)’
ﬁ]ld}e:(ﬁjl’ ﬂjdo) J_l 2 0_ 1d0_(0-1,.“’0-;,9)}’
_ oy — . Xy . y o x X .
So ={(wj,aj, j=1,2,...50Y,6%): (75 115 1 g0) € Ujs
2b;
gy oo g I < ona NG < on J < K

K
> Jaj—a;
j=1

@2 (@) elo2/(+0,7), 020, k < d;
(09 ela? 2a2 1, k=d2+1,....dy;

0
< ZE,%d by , min aj > e4d bl/2
j=1,..,K

s;.fk,s.y el 1401 =12, Kik=1,...,dy},

and 57, k:s =1 andﬁjk_OmH* fork=1,2,...,d%and j=1,.... K.
Similarly to the proof of Corollary 6.1,

dh(fo’ p(l,H,m)) S Op +dH(ﬁ(|0;0’m)» ﬁ(IHdO,m))'i'dh(p(|,0d)((),m), p(|>0’m))

Consider 6 € Sy~ and let 5.; = ]_[k 1 Sjk- Then, dy (p(| do,m),ﬁ(-lﬁdo,m))z can be

bounded by
K ZJ la/(ﬁ”x j1a?’ ot i140° mo(')
Z 1 .0, Z ajs J¢ y ()¢ X st oot ) X
P Puf.n uj +x) ﬂldo 7 o “1a9 1140100 2 1“,5,1/5 ¥ oot (0
714977149 149
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“j ¢ Zaﬂﬂ)u +x 0B, o,s?yay(')%)_( 05T o°"X0(‘)
Jldx J jldy jidy 1dy )
K
IR (-
j=1%J /4
d,? i1 dO ldO

a;s.ip y ()¢ )
Z S j y I3
#j+x doﬂ OY o 140 Ti1a0° ldO PIE 10‘/%* s oot ()
1497149 149 |

||u, 1% || Bi140 | 9on

+a |+ | <arl,

A
\MN

Z

On

where the penultimate inequality is implied by

anz/(sjyay)z— 1| < 30,%ﬁ,
si=1 2d0o, [llvigollbus | o oor ) (1a0)d (e g0) S
a7 j1a0 x
||/171 0 || < ag,, and an argument similar to the one preceding (3.6).
X
Next note that for 6 € Sy,

2
0,%/(s;kalf)2 - 1‘ < 30nﬁ,

¥4

+ max —jgo(x)dx
1<j<m oy

..2b
<ot 1 / Il goG)dx < o2

where the first part of the penultimate inequality follows similarly to the proof of Corol-
lary 6.1.
Next, let us bound the ratio p(y|x,d,m)/fy(y|x). For [|(y,x)|| < ag,, observe that

exp{—|y—uy —x'Bi1? /o)) z exp{ =y =} 1* /o — 1B ? /oy } and ¥ Bj|/on <
aanen by < 1. Thus, 4, can be defined by (3.7).
For [|(y, )|l > ag,.

folylx) }2 ( |y| ~4b1)
log 227 L <
{°gp(y|x,e,m) ~\oa T s

which implies that

foylv) |? [p(ylx,ﬁ,m }
In
/[log p(ylx,H,m] : fo(ylx) <A goldydx

4
ag, PO(IZIl > ag,) [ Eo(YIH'/2
s["" S +{ e +i‘f"Eo<||X||8>‘/2}<Po<nzn>aa,l))1/2]
n n
<ot

as in the proof of Corollary 6.1.
The lower bound for the prior probability of Sgx and m = K is the same as the one in
Theorem 3.1, except d is replaced with dY. The only additional calculation is as follows,

N(s)sh e [L14a ] =12 Ksk=1,....dv) 2 exp(=25Kdlog (1/an)},
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which can be bounded from below as required by the arguments in the proof of
Theorem 3.1. Thus, the prior thickness condition follows.

Finally, let us consider bounds on the sieve entropy and the prior probability of the
sieve’s complement. The argument here involves only minor changes in the proofs of
Theorem 4.1 and Corollary 5.1. In the definition of sieve (4.1), let us add the following
conditions for the f3;s and the local scale parameters

pj € [—Ex,zx]dx »EX =ut,j=1,...,m

stoshoeledl k=1 de, j=12,....m

As in Corollary 5.1 and Corollary 6.1, we aim to find the covering number of F in d
instead of dgg. First, let us replace the definition of S in the proof of Corollary 5.1 with

Sy = {a’,l=1, Ny = (mg( Jo )/(1og(1+g4e)/(2-384(px)2max{dx,dy})ﬂ,
ol=g, (a’“ —al) /ol =ge/ (2-384(ﬁx)2max{dx,dy})}

and use this S, as the grid for sjy, sxk, oY, and a,f, k=1,....dy, j=1,2,...,m. Note
that for 6 > o and § > s, |os —asl/(as) <lo—0l|/o+ |s —sl/s and that is why 384
is replaced by 2 -384 in the new definition of S,. Since s; )i Yg¥, 5 kgk € [02,52], all the
bounds obtained in Corollary 5.1 now involve LZ, 2) in place of (g,7).

Another difference is in the treatment of the new term x’ ;. Observe that for ,B]O ) s ﬁj@ €
Florj=1,....,m

max
X 1<j<m

B0 B2 qowdr < max |50 52 / ]l g (x)dx.

<j<m

Let us define Sk" to contain centers of |_SZ’_| =[2-192d, [y lxll go(x)dx (B¥)?/(a*€)]
equal length intervals partitioning [—f, £]. S'Zﬂ now contains centers of |SZl‘| =

[2-192dy (77%)2/(c2€)] equal length intervals partitioning [—7*, 7.
As in the proof of Corollary 5.1, we thus obtain

Hd, H-1
1672d), Ti dy [2.192d, (z%)? log(e™ 1)
J(e, F,d)<H | —==2 i i 2 VA H
(& 7.d1) {g% ohe log(1+¢/[12H])

— dy
| [2‘ 1924 [y x| o) -ﬂzr

ohe

- (EZ/EZ) d(H+1)

log (14+c%€/[2-384(z*)? max{dy,dy}])

Observe that TT(F°) is bounded above by
H%exp{—a;3m™} + H? exp{—a16(@)"} + H>a"/ 7 +exp {—ajoH(log H)™}
+dTl (o7 ¢ [0,7]) +dHTI (s]y ¢la, E]) .
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The rest of the proof follows the argument in the proof of Theorem 4.2 with the same
sequences, except ¢ = n—l/a3 (as the prior for (sjy )2 satisfies the same conditions ((2.4)—

(2.6)) as the prior for o) and 7z = n!/%5. Thus, the claim of Corollary 6.1 holds. [ ]
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