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Abstract: In this paper, we consider the well known problem of estimat-
ing a density function under qualitative assumptions. More precisely, we
estimate monotone non-increasing densities in a Bayesian setting and de-
rive concentration rate for the posterior distribution for a Dirichlet process
and finite mixture prior. We prove that the posterior distribution based on
both priors concentrates at the rate (n/log(n))~1/3, which is the minimax
rate of estimation up to a log(n) factor. We also study the behaviour of
the posterior for the point-wise loss at any fixed point of the support of the
density and for the sup-norm. We prove that the posterior distribution is
consistent for both loss functions.
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1. Introduction

The non-parametric problem of estimating monotone curves, and monotone den-
sities in particular, has been well studied in the literature both from theoretical
and applied perspectives. Shape constrained estimation is fairly popular in the
non-parametric literature and widely used in practice (see Robertson et al.,
1988, for instance). Monotone densities appear in a wide variety of applications
such as survival analysis, where it is natural to assume that the uncensored
survival time has a monotone non-increasing density. In these problems, esti-
mating the survival function is equivalent to estimating the survival time density
say f and the point-wise estimate f(0). It is thus interesting to have a better
understanding of the behaviour of the estimation procedures in this case. An
interesting property of monotone non-increasing densities on R™ is that they
have a mixture representation pointed out by Williamson (1956)
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where P is a probability distribution on R called the mixing distribution. In
order to emphasize the dependence in P, we will denote fp the functions ad-
mitting representation (1). This representation allows for inference based on the
likelihood. Grenander (1956) derived the non-parametric maximum likelihood
estimator of a monotone density and Prakasa Rao (1970) studied the behaviour
of the Grenander estimator at a fixed point. Groeneboom (1985) and more re-
cently, Balabdaoui and Wellner (2007) studied very precisely the asymptotic
properties of the non parametric maximum likelihood estimator. It is proved to
be consistent and to converge at the minimax rate n~'/3 when the support of
the distribution is compact. In their paper, Durot et al. (2012) get some refined
asymptotic results for the supremum norm.

The mixture representation of monotone densities lead naturally to a mix-
ture type prior on the set of monotone non increasing densities with support
on [0, L] or RT. For example, Ferguson (1983) and Lo (1984) introduced the
Dirichlet Process prior (DP) and Brunner and Lo (1989) considered the special
case of unimodal densities with a prior based on a Dirichlet Process mixture.
The problem of deriving concentration rates for mixtures models has received
a huge interest in the past decade. Wu and Ghosal (2008) studied properties
of general mixture models, Ghosal and van der Vaart (2001) studied the well
known problem of Gaussian mixtures, Rousseau (2010) derived concentration
rates for mixtures of beta distributions, Kruijer et al. (2010) proved good adap-
tive properties of mixtures of Gaussian. Extensions to the multivariate case have
recently been introduced (e.g. Shen et al. (2013)).

Under monotonicity constrained, we derive an upper bound for the posterior
concentration rate with respect to some metric or semi-metric d(-,-), that is a
positive sequence (e, ), that goes to 0 when n goes to infinity such that

Eg (I(d(f, fo) > €aX™)) = 0,

where the expectation is taken under the true distribution Py of the data X™ and
where fj is the density of Py with respect to the Lebesgue measure. Following
Khazaei et al. (2010), we study two families of non-parametric priors on the class
of monotone non-increasing densities. Interestingly in our setting, the so called
Kullback-Leibler property, that is the fact that the prior puts enough mass on
Kulback-Leibler neighbourhoods of the true density, is not satisfied. Thus, the
approach based on the seminal paper of Ghosal et al. (2000) cannot be directly
applied. We therefore use a modified version of their results and obtain for the
two families of prior a concentration rate of order (n/log(n))~/3 which is the
minimax estimation rate up to a log(n) factor under the L; or Hellinger distance.
We extend these results to densities with support on R™ and prove that under
some conditions on the tail of the distribution, the posterior still concentrates
at an almost optimal rate. To the author’s knowledge, no concentration rates
have been derived for monotone densities on RT.

Interestingly, the non-parametric maximum likelihood estimator of fp(z) is
not consistent for x = 0 (see Sun and Woodroofe (1996) and Balabdaoui and
Wellner (2007) for instance). However, we prove that the posterior distribution
of f is still consistent at this point under a specific family of non-parametric
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mixture priors. In fact, we prove the pointwise consistency of the posterior for
all z in [0, L] with L < oco. We then derive a consistent Bayesian estimator of the
density at any fixed point of the support. This is particularly interesting as the
point-wise loss is usually difficult to study in a Bayesian framework as Bayesian
approaches are well suited to losses related to the Kullback-Leiber divergence.
We also study the behaviour of the posterior distribution for the sup-norm when
the density has a compact support. This problem has been addressed recently in
the frequentist literature by Durot et al. (2012). They derive refined asymptotic
results on the sup-norm of the difference between a Grenander-type estimator
and the true density on sub intervals of the form [e, L — €], where ¢ > 0 avoiding
the problems at the boundaries. Here, we prove that the posterior distribution is
consistent in sup-norm on the whole support of fy when it has compact support.
We also derive concentration rates for the posterior of the density taken at a
fixed point and for the sup-norm on subsets of [0, L] for L < oo. We derive
an upper bound for the concentration rate of f(z) for z € (0, L) but only get
suboptimal rates using a testing approach as in Giné and Nickl (2010). It is to
be noted that for this problem the modulus of continuity for the point-wise and
Hellinger losses defined for fo € F and z € (0, L) by

m(e) == sup{|f(x) — fo(x)| : f € F, h(f, fo) < €}

is of the order ¢2/? (see Donoho and Liu, 1991). Given the discussion in Hoffmann
et al. (2013), it is to be expected that the usual approach of Ghosal et al. (2000)
based on tests will lead to suboptimal concentration rates. We now introduce
some notations used throughout the paper.

Notations For 0 < L < oo define the set F, by
L
sz{fs.t.0§f<oo,f\/f:1},
0

We also define &) be the k-simplex that is the set {(s1,...,s;) € [0,1]*,
Ele s; = 1}. Let KL(p1,p2) be the Kullback-Leibler deviation between the
densities p; and ps with respect to some measure \

KL(p1,p2) = /log (z—;) prdA.

We also define the Hellinger distance h(pi,p2) between p; and py as

h?(p1,p2) = %/(\/p—l— VD2)%d.

We will say that E" = o,,(1) if 2" — 0 under Py. Finally we will denote by f’
the derivative of f.

Construction of a prior distribution on F; Using the mixture represen-
tation of monotone non-increasing densities (1) we construct non-parametric
priors on the set F, by considering a prior on the mixing distribution P. Let P
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be the set of probability measures on [0, L]. Thus, we fall in the well known set
up of non-parametric mixture priors models. We consider two types of prior on
the set P.

Type 1: Dirichlet Process prior P ~ DP(A,«) where A is a positive con-
stant and « a probability density on [0, L].

Type 2: Finite mixture P = Zszl pjoz; with K a non zero integer and 4,
the dirac function on x. We choose a prior distribution @ on K and
given K, define distributions 7, x on (z1,...,7x) € [0,L]%X and 7, x
on (p1,...,pK) € Ok.

For X® = (X1,...,X,), a sample of n independent and identically distributed
random variables with common probability distribution function f in F with
respect to the Lebesgue measure, we denote II(-|X™) the posterior probability
measure associated with the prior II.

The paper is organised as follow: the main results are given in Section 2, where
conditions on the priors are discussed. The proofs are presented in Section 3.

2. Main results

Concentration rates of the posterior distributions have been well studied in the
literature and some general results link the rate to the prior distribution (see
Ghosal et al. (2000)). However, in our setting, the Kullback Leibler property is
not satisfied in its usual form and thus the standard Theorems do not hold. In
fact an interesting feature of mixture distributions whose kernels have varying
support is that the prior mass of the sets {f, KL(fo, f) = +oo} is 1 for most
fo € Fr given that f and fy will have different support. One could prevent
this by imposing that the support of the mixing distribution is wider than the
support of fy; however, this could lead to a deterioration of the concentration
rate. Here, we use a modified version of the results of Ghosal et al. (2000)
considering truncated versions of the density f. This idea has been considered
in Khazaei et al. (2010) in a similar setting. We impose some conditions on the
prior under which the posterior distribution concentrates at the minimax rate
up to a log(n) term.

Conditions on the prior

C1 condition on a Let o be a probability density on Rt such that for all
0 € (0,L), a(f) > 0. Consider the following conditions on «

o for 0 < ty < t; and 6 small enough
0" S al0) S 0 (2a)

e for 1 < a; < ay and 6 small enough
e/ Saf) e/ (2b)

e for 1 < by < by and € small enough
e /0 < (L —0) Se /0, (2¢)
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C2 condition for Type I prior For P ~ DP(«, M) with « satisfying C1.
C3 condition for the Type II prior The following conditions holds

e For some positive constants C,Co, aq,...,a,c
efClKlog(K) > Q(K) > e*CzKlog(K) (3)
wp,k(pl,...,pK)ZK_KcKp‘l“...p?{K (4)

o 7, i is the distribution of K independent and identically distributed
random variables sampled from a.

C4 condition for densities on R* If fy € F., then for some fixed positive
constants 8 and 7 we have for = large enough

folw) <e P (5)

2.1. Posterior concentration rate for the L1 and Hellinger metric

The following Theorems gives the posterior concentration rate for the L; and
Hellinger metrics for monotone non-increasing densities on [0, L] with L < oo
and L = oo. For both Theorems the proofs are postponed to section 3.

Theorem 1. Let X" = (X1,...,X,) be an independent and identically dis-
tributed sample with a common probability distribution function fo such that
fo € Fr with 0 < L < oco. Let II be either a Type I or Type II prior satisfy-
ing C2 or C8 respectively with o satisfying (2a). If d(-,-) is either the L' or
Hellinger distance, then there exists a positive constant C' such that

n ~1/3
I <f, a(f, fo) > C (m) |X“> -0,  Pyae. (6)

when n goes to infinity, where C' depends on fy only through L and an upper
bound on fo(0). Furthermore, if for § > 0, sup g |fo(z)| < 0o and a satisfies
(2b), or supy, g | f6(x)] < 00 and « satisfies (2¢), then (6) still holds.

Conditions C1 and C2 are roughly the same as in Khazaei et al. (2010). Theo-
rem 1 is thus an extension of their results to concentration rates. We also extend
their results to mixture priors satisfying (2b) or (2¢) under some additional con-
ditions on fo. This will prove useful for the estimation of f(0) and f(L). Under
condition C3 on the tail of the true density, i.e. we require exponential tails, we
get the posterior concentration rate for a density with support on RT.

Theorem 2. Let X" = (X1,...,X,) be an independent and identically dis-
tributed sample with a common probability distribution density fo, such that
fo € Fx and fo satisfy C3. Let 11 be either a Type I or Type II prior sat-
isfying C2 or C38 respectively with « satisfying (2a). Then, for some positive
constant C, we have for d(-,-) either the Ly or Hellinger metric

I (d(fp, fo) = C (n/log(n)) /3 log(n)l/T|X“) =0, Py a.e. (7)
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when n goes to infinity. Similarly, if for 6 > 0, supy g |fo(z)| < o0 and «
satisfies (2b), (7) still holds.

Note that considering monotone non-increasing densities on R™ deteriorates
the upper bound on the posterior concentration rate by a factor log(n)Y/7. It
is not clear whether it could be sharpened or not. For instance, in the frequen-
tist literature, Reynaud-Bouret et al. (2011) observe a slower convergence rate
when considering an infinite support for densities without any other conditions.
In a Bayesian setting, a similar log term appears in Kruijer et al. (2010) when
considering densities with non compact support. However this deterioration of
the concentration rate does not have a great influence on the asymptotic be-
haviour of the posterior. Note also that the tail conditions are mild since 7 can
be taken as small as needed, and thus the considered densities can have almost
polynomial tails.

The above results on the posterior concentration rate in terms of the L, or
Hellinger metric are new to the best of our knowledge, but not surprising. The
specificity of these results lies in the fact that the usual approach based on
the approach of Ghosal et al. (2000) needs to bound the prior mass of Kull-
back Leibler neighbourhoods of the true density which cannot be done here as
explained in section 1.

2.2. Consistency and posterior concentration rate for the point-wise
and supremum loss

The following results consider the point-wise loss function for which only a
few exist in the Bayesian non-parametric literature; see for instance the paper
of Giné and Nickl (2010). The following Theorem proves consistency of the
posterior distribution for all points in the interior of the support.

Theorem 3. Let x be in (0, L) with with 0 < L < oo but x < co. Let fo € FrL
such that fi exists near x and f{(z) < 0. Let X;, i =1,...,n and II be either a
Type I or Type II prior satisfying C2 or C38 respectively with o satisfying C1
with either (2a), (2b) or (2¢). Then, for all x in (0, L) with x < oo, and € > 0

I(|fp(x) = fo(@)] > €X™) — 0. (8)

Consider the posterior median f[{(gj) = inf{t, I[fp(z) < t|X7] > 1/2}, it follows
that
Po(If7 (@) = fo(z)| > €[X™) — 0. 9)

We thus have a pointwise consistency of the posterior distribution of fo(x)
for every x in the interior of the support of fy. The maximum likelihood is
not consistent at the boundaries of the support as pointed out in Sun and
Woodroofe (1996). In particular it is not consistent at 0 and when L < oo, it
is not consistent at L. It is known that integrating the parameter as done in
Bayesian approaches induces a penalisation. This is particularly useful in testing
or model choice problems but can also be effective in estimation problems; see
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for instance Rousseau and Mengersen (2011). Here we require that the base
measure puts exponentially small mass at the boundaries. This induces enough
penalization to achieve consistency of the posterior distribution of f(0) and
f(L). The following Theorem gives consistency of the posterior distribution of
f at every point on the support of fy including the boundaries.

Theorem 4. Let x be in [0, L] with with 0 < L < oo but x < co. Let fo € Fr,
such that fi exists at x and f{(x) < 0. Let X;, i = 1,...,n and II be either a
Type I or Type II prior satisfying C2 or C3 with « satisfying condition (2b) if
x=0 or (2¢) if x = L. Then, for all z in [0, L] with x < oo, and € > 0

(| fp(x) = fo(z)| > €[X®) = 0. (10)

Consider the posterior median f7(x) = inf{t, TI[fp(z) < t|X?] > 1/2}, it follows
that .
P0(|f7’;(x) — folx)] > e|X“) — 0. (11)

The problem of estimating fo(0) under monotonicity constraints is another
example of the effectiveness of penalization induced by integration on the pa-
rameters. Although we do not have a proof for inconsistency of the posterior
of f(0) or f(L) when « satisfies (2a), we believe that due to the similarly to
the maximum likelihood estimator, the posterior distribution is in this case not
consistent.

The following Theorem gives an upper bound on the concentration rate of
the posterior distribution under the point-wise loss.

Theorem 5. Let fy be in Fr, with 0 < L < oo and 11 be either a Type I or
Type II prior satisfying C2 or C3 respectively with « satisfying C1, and let x
be in (0, L) such that f’ exists in a neighbourhood of x and f'(x) < 0, then for
C a positive constant

n

—2/9
I <|fp(w) o) > C (@) |X“> o, (12)

when n goes to infinity.

Here the concentration rate is suboptimal. It is however the best rate that
one can obtain using the usual approach by testing (see Hoffmann et al., 2013).
Proving that the posterior concentrates at the rate n=/% up to some power of
log(n) would require some more refined control of the posterior distribution close
to Bernstein-von Mises types of results, (see Castillo, 2013), which in the case
of mixture models is very difficult to handle and beyond the scope of this paper.

Next, we derive from Theorem 4 the consistency of the posterior distribution
for the sup-norm. This is particularly useful when considering confidence bands,
as pointed out in Giné and Nickl (2010). Under similar assumptions as in Durot
et al. (2012), we get the consistency of the posterior distribution for the sup-
norm. Note that contrary to the setting in Durot et al. (2012), we do not restrict
to sub-intervals of the support of the density. This is mainly due to the fact that
the Bayesian approache is consistent at the boundaries of the support of fj.
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Theorem 6. Let fy € Fr, with 0 < L < oo be such that f( exists and ||fj||s <
oo and for all z € [0,L], fi(x) < 0. Let also the prior II be either a Type I or
Type II prior satisfying C2 or C3 with « satisfying conditions (2b) and (2c)
respectively. Then
II( sup |fp(z) — fo(x)] > €| X,) — 0. (13)
z€[0,L]
Similar results as in Theorem 5 also hold for the concentration rate of the
posterior distribution for the supremum over all subsets of the form (a,b) with
0 < a < b < L with the same rate.

3. Proofs

In this section we prove Theorems 1 to 6 given in Section 2. To prove Theorems
3-6, we need to construct tests that are adapted to the point-wise or supremum
loss. The usual approach based on Le Cam (1986) cannot be applied in this
case. We thus construct test based on the Maximum Likelihood Estimator.

3.1. Proof of Theorems 1 and 2

The proofs of Theorems 1 and 2 follow the general ideas of Ghosal et al. (2000).
We first focus on a density on F with L < oo and extend these results to
a monotone non-increasing density with support R that satisfy C4. We ex-
tended the approach used in Khazaei et al. (2010) to the concentration rate
framework. More precisely, the proofs rely on the following Theorem which is
adapted from Rivoirard and Rousseau (2012). To tackle the fact that the usual
Kullback Leibler property is not satisfied in its usual sense, we consider trun-
cated versions of the densities

f() = f(')FH[(oé:TS](')

fo()Lj0,0,1(-)

) fO,n(') = FO(on)

(14)

where 6,, is defined as

0, = inf{:v,l — Fy(z) < ;—:L}

We then define the counterpart of the Kullback Leibler neighbourhoods

Sn(fmon) = {f7 KL(fnva,n) < Efw

[ fonta) (1og < . i"%))zdx < " faydr 21 } (15)

Theorem 7. Let fy be the true density and let IT be a prior on F satisfying the
following conditions: there exists a sequence (€,,) such that €, — 0 and ne2 — oo
and a constant ¢ > 0, such that for any n there exist F,, C F satisfying

T(F;) = oexp(—(c + 2)ney)).
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Forany j €N, j >0, let Fj = {f € Fn,jen < d(f, fo) < (j+1)en} and
N,.j the Hellinger (or Ly) metric entropy of F, ;. There exists a Jo n such that
forall j > Jon

Ny j < (K = 1)ne;j?,

where K is an absolute constant.
Let Sy (€n,0,) be defined as in (15) and let 1 be such that

TI(Sy (€n, 0n)) > exp(—cne?). (16)

We have:
I(f : d(fo, f) < Jomen|X™) =1+ 0p(1).

The proof of this Theorem is postponed to Appendix B. We will thus prove
that the conditions of Theorem 7 are satisfied in our case. Let fo be in Fr. The
following lemma states that (16) is satisfied.

Lemma 8. Let II be either a Type 1 or Type 2 prior on Fr, as in Theorem 1
and let Sy (€n,0y,) be a set as in (15), then

TL(Sh(6n, 0n)) = exp {cle,;l log(en)}. (17)

This lemma is proved in appendix A. The e metric entropy of the set of
bounded monotone non-increasing densities has been shown to be less than ¢~ 1,
up to a constant (see Groeneboom (1986) or van der Vaart and Wellner (1996)
for instance). As the prior puts mass on Fr, on which f(0) is not uniformly

bounded, we consider an increasing sequence of sieves

where M,, = exp{cn'/3log(n)?/3(ty+1)~'} with t5 as in the conditions C1. The
following lemma shows that F,, covers most of the support of II as n increases.

Lemma 9. Let F,, be defined by (18) and II be either a Type 1 or Type 2 as in
Theorem 1, then

H(]_-fl) /S e—cnl/3 log(n)2/3.

Here again, the proof is postponed to appendix A. We now get an upper
bound for the e-metric entropy of the set F,. Recall that in Groeneboom (1985)
it is proved that the L1 metric entropy of monotone non-increasing densities on
[0,1] bounded by M can be bounded from above by Colog(M)e, 1. We cannot
apply this result directly for the sets F,, as it would give a suboptimal control of
the entropy to construct tests in a similar way as in Ghosal et al. (2000). In fact,
the upper bound on the entropy of F,, is of the order of €™, while the usual
conditions of Ghosal et al. (2000) requires an upper bound of the order enen.
However as stated in Theorem 7 it is enough to bound the e-metric entropy of
the sets

Fnj = {f € Fn,jen < d(fa fO) < (]+ 1)671}7
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for j € N*. We can easily adapt the results of Groeneboom (1985) to positive
monotone non-increasing functions on any interval [a,b] and get the following
lemma.

Lemma 10. Let F be the set of positive monotone non-increasing functions on
[a,b] such that for all [ in ]},f:f < My and f < M, then

N(e, F,d) < e log(M + 1) ((b —a)+ 3M2).

The proof of this lemma is straightforward given the results of Groeneboom
(1985) and is thus omitted. Let x, ; € [0, L] such that €,/2 < 2, ; < ¢,. We
denote for all f in F,; f1; = fljo, ;) and fa; = fl;, ; ). Since for all f in

Fn.; we have fol |f(z) — fo(z)|dz < (j + 1)€, then

Tn,j Tn,j
/ f(@)de - / fol@)dz < (G + Den,
0 0
which implies that

T g f(@n5) < 2o fo(0) + (J + Den,

which in turn gives

f(@ng) < fo(0) +2( +1).

Recall that for all f € F,, we have f(0) < M,,. Using lemma 10, we construct
an e, /2-net for the set F,\ ; = {f1, f € Fn;} with Ny points, and

log(N1) < e, log(M, + 1)e, (5 + 2),

and thus deduce
log(N;) < C'né? 5> (19)

Similarly, given that f(z,,;) < M +2(j + 1) we get an ¢,/2-net for the set
Fr i =Af2j, ] € Fny} with Ny points and

log(No) < C'ne j2. (20)

This provides a €,-net for F,, ; with less than N7 x N» points. Given (19)
and (20) the L; metric entropy of the sets F,, ; satisfies

1Og(N(]:"J7 €n, Ll)) 5 neijQ' (21)

The conditions of Theorem 7 are thus satisfied which concludes the proof of
Theorem 1.
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Extention to Rt Given that fo(x) < e 7% when z goes to infinity, if 6,, is
such that ,, = inf{z, 1 — Fy(z) < €,/(2n)} then 6,, < (log(n))*/7. Using similar
arguments as before, Lemma 8 still holds under the exponential tail assumption.
We now get an upper bound for the e-metric entropy of F,, ;. Here again, we split
Fn,j into two parts. The construction of an e, /2-net for F ; does not change

and therefore (19) holds. Finally, let 72, = {f € F2 .Yz > 0,, f(z) = 0}.

Given Lemma 10, we get for ¢; > 0 large enough an €, /(2¢;(j + 1))-net for }15]
by considering f* the restriction of f to [z, ;,6,]. We have

d(f, f*) < c2(j + Dey,
where d(-, -) is either the L; or Hellinger distance. Hence, for ¢; > ¢2 an €/2-net
for F7 ; with at most e“sm€ni” points and thus

log (N (F;

n

Jr€nyd)) < C'nel g’

We conclude using the same arguments as in the preceding section, and thus
Theorem 2 is proved.

3.2. Proof of Theorems 3 and 5

To prove Theorems 3 and 5, we need to construct tests for all € (0, L) of fy

versus |fp(x) — fo(z)| > €23 as the approach used in Ghosal et al. (2000) is not
suited for the point-wise loss. As we have II(||fp — fo||1 > €,|X™) = op, (1) we
can consider functions fp such that ||fp — foll1 < €,. We construct tests @,
such that

EN(®) = o(1), sup E7(1— ®) < e=Cren,
Flf @)= fo(@)>en

Denote A? := {f,|f(x)— fo(x)| > €} that can be split into A>T = {f, f(x)—

fo(x) > ¢} and AT~ = {f, f(z) — fo(z) < —€} and denote e, = eer/* and

hy,, = hge,,. Consider the tests

(bj; = 1 {n_l Z]I[mfhmz] (X;) — / fo(t)dt > Cn}
i=1 z—hn

n z+hn,
gf); = 1 {n_l Z]I[w,:v-i-hn] (Xz) — / fo(t)dt < —Cn}
i=1 x

We immediately get Efj (max(¢;', ¢,,) = o(1). Note that if fp(z) > fo(z) + en
then

/ () — fot)dt > ha(fr(@) — fola)) - / " folt) — fola)dt
z—hn r—h
> hpen — Coh?
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for some Cy > 0 that only depends on fy. Similarly if fp(z) < fo(x) — e, then
for all h >0

x+h
/ fe(t) = fo(t)dt < —he, + Coh?

We thus deduce for fp such that fp(z) — fo(x) > e,, we have
Pr(l1—o5) < Pf< 12111 2] (X / fr(t)dt < —hnen+coh2+cn>
—hn

SPf( _1ZHz ha)( / fp(t)dt < hoen/2>

if ¢, <e? and hg < 1/Cp. Now note that for fp such that ||fp — fol|1 < en

/ﬂ:hanZ—/Ooo|f—f0|+/:_hnf0

T
Z‘_Ql+y/ ﬂ)
x—hy

> —en + hy fo(@) > hnfo(z)/2.
Moreover,

/ S e+ hufoli = ha) < 2hoola),

for n large enough and h small enough. We conclude that

Varg, <”1 Zﬂ[w—hw] (Xi)> < 2hfo(x).
=1

Using Bernstein’s inequality (e.g. van der Vaart and Wellner (1996) Lemma
2.2.9, p. 102) we get

Pp(1 — ¢t) < 2e hnh/ 2 ten/3),
Similarly, we have

Pi(l1—¢,) < 9o nhner/(2+en/3)
Taking ®,, = max(¢;;, ¢, ) we deduce

Po(®n) = o(1)

sup Pr(l—-9,) < e~ Choen,
feAz,

We have

PO((I)n) = 0(1)
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sup Pr(l—&,) < e~ Cneoen
feAz,
Similarly to the proof of Theorem 7, following Khazaei et al. (2010), we get
an exponentially small lower bound for D,,. More precisely, we get that

D, > 26—(C+2)’ﬂ6

with probability that goes to 1. Note that

Ny -
Ej (D—) < EJ(DY) + B (Dy < e~ (cFDnen)

(22)

+ B (TI[FE|XP]) + elct2nen / E}(1 — ®F)dII(f).

ANF,
Given the preceding results, we have
n Nn (c+2)ne? n z
Ej|l—=— | <o(l)+e »sup E7 (1 — @7)
D, P

which ends the proof choosing ey large enough.
Consistency of a Bayesian estimator We consider in this section f[{ (1),
the Bayesian estimator associated with the absolute error loss, defined as the
median of the posterior distribution. Consistency of the posterior mean, which
is the most common Bayesian estimator is however not proved here but could

nevertheless be an interesting result.
We first define f](¢) such that

fr(t) = inf{z, O[fp(t) < z|X"] > 1/2}. (23)

In order to get consistency in probability we note that if ff{ (t) — fo(t) > ¢
then

II(fp(t) > fo(t) +€/X™) > 1/2.
And if f7(t) — fo(t) < —e then
H(fp(t) < fo(t) - €|Xn) > 1/2
We deduce, using Markov’s inequality and Theorem 3
Py (fr () = fo(t) > ) B (I(fp(t) > fo(t) + €[ X™) > 1/2)
2EG(H(fp(t) > fo(t) +€[X™) > 1/2)
o(1),

ININCIA

and similarly .
Fo'(fn (t) = fo(t) < —€) < o(1).
Thus, we have PJ(|f7(t) — fo(t)] > €) — 0 which gives the consistency in
probability of f7(t).
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3.3. Proof of Theorem 4

The previous proof holds for all z € (0, L). We now need to prove the consistency
of the posterior for z = 0 and = L, when the prior satisfies conditions (2b)
r (2c). We first consider the case = 0, the case x = L can be deduce with
symmetric arguments.
As before, consider the set A and split it in A%+ and A%~. Note that using
the same test ¢, as before we easily get

TI(AZ7|X™) = op, (1).

We now consider fp € A%*. As before we can restrict ourselves to functions fp
such that ||fp — fol|1 < €,. We thus have for h = 2¢,, /€

F2(0) = fo(0) < fp(0) — fp(h) +h~" / Folt) — Fr(0)]dt
—i—h_le

< fp(0) — fp(h)
= fr(0) — fp(h) +¢/2.

We now prove that the prior mass of the event {fp(0) — fp(h) > €/2} is less
that e~ (et2ne Using Markov inequality we get
"1 2
(fp(0) — fp(h) > ¢/2) < 26*1/ 50(0)dd < e~ @2/h < gmazne, log(n)
0

Using the same control for D,, as in the proof of Theorem 7, and applying the
usual method of Ghosal et al. (2000), we get the desired result.

3.4. Proof of Theorem 6

In this section, we prove that the posterior distribution is consistent in sup-
norm. Here again, the main difficulty is to construct tests that are adapted to
the considered loss. More precisely we construct a test ® such that

E}N®) = o(1), sup ER(1—®) < e O,
fsupp ) [f—fol>en

To do so, we consider a combination of the tests considered in the previous
section noting that if the posterior distribution is consistent at the points of a
sufficiently refined partition of [0, L] then it is consistent for the sup-norm. Here
again, we will only consider the case L = 1 without loss of generality. We first
denote

B, = {f7 Sllp{|f(.’l]) - fO(‘T)l > 6} :
[0,L]

Let C{ be a positive constant such that ||fjllcc < C§ and let (z;); be the
separation points of a €/(8CY) regular partition of [0,1] and p = Card{(z;);}.
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Note that

[wi;1i+1]

=UJtr sw {17@) ~ folw)| > .

Recall that AZ = {f,|f(z) — fo(z)| > €}. We consider the set B ﬂle(Af;g)c.
Given Theorem 3, we have that

EQ( <U (A%,) ’X“)) = o(1).

If f € B. we have for all z € [x;, z;41],

[f (@) = fola)| < |f(x) = f@)| + | f (@) = folai)l + [folwi) = fo(x)]

Given that f is monotone non-increasing, and given the hypotheses on fy we
have

|f(2) = flo)| < |f(@ig1) = flzi)]
<|Nf(@ir1) = fo(@ivr)| + [fo(@ivr) — fo(@i)| + [folwi) — f(4)]
< 3¢/5,

and for the same reasons

|f(xi) = fo(xi)| + | fo(xi) — fo(z)| < 2€/5,
which leads to
|f(z) = fo(z)] <,

and thus, taking the supremum over x, we get

sup |f(z) = fo(x)] < e.

€T, wit1)

We then deduce

T(B[X") <H< ﬂ{_ﬂ (A%}5) }) (_U (A%)5) ) = op,(1),

which gives the consistency of the posterior distribution in sup-norm.

4. Discussion

In this paper, we obtain an upper bound for the concentration rate of the pos-
terior distribution under monotonicity constraints. This is of interest as in this
model, the standard approach based on the seminal paper of Ghosal et al. (2000)
cannot be applied directly. We prove that the concentration rate of the poste-
rior is (up to a log(n) factor) the minimax estimation rate (n/log(n))~'/? for
standard losses such as L; or Hellinger.

We also prove that the posterior distribution is consistent for the point-wise
loss at any point of the support and for the sup-norm loss. Studying asymptotic
properties for these losses is difficult in general as the usual approach are well
suited for losses that are related to the Hellinger metric. Obtaining more refined
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results on the asymptotic behaviour of the posterior distribution will require
refined control of the likelihood which in the case of non-parametric mixture
models is a difficult task.
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Appendix A: Technical Lemmas
A.1. Proof of Lemma 8

To prove Lemma 8, we first construct stepwise constant functions such that
these approximations are in the truncated Kullback Leibler neighbourhood of
fo. We then construct a set N included in Sy, (€n,0,) based on the considered
piecewise constant approximation such that for IT a Type I or Type II prior
I(N) > e Onen.

We first construct a piecewise constant approximation of fy which is based
on a sequential subdivision of the interval [0, L] with more refined subdivisions
where fq is less regular such that the number of points is less than ¢, ! points.

This approximation is adapted from the proof of Theorem 2.5.7 in van der
Vaart and Wellner (1996). We then identify a finite piecewise constant density
by a mixture of uniforms for which the Hellinger distance between the piecewise
constant approximation fp of fo € F and fy is less that €, and ||fo/fp|lcc < M.
The following Lemma gives the form of a finite probability distribution P such
that fp is in the Kullback-Leibler neighbourhood of some f € F.

Lemma 11. Let f € Fp, be such that f(0) < M < +o0. For all 0 < € < 1
there exists m < LM3MY3e™' p= (p1,...,pm) € G and x = (21,...,2m) €
[0, L™ such that P = Y""" | 6,,p; satisfies

K fe) 5 [ (o0 (fip))f < (24)

where fp is defined as in (1).
Proof. For a fixed €, let f be in F,. Consider Py the coarsest partition:
0=ua) <l =L.
Then at the i*” step, let P; be the partition
0=uxp <t <---<:Cf“:L,

and define
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For each j > 1, if (f(a}_y) — f(a})) (2} — 2t_ )12 > £5 we split the interval

[zj_1, ;] into two subsets of equal length. We then get a new partition Pjtq.
We continue the partitioning until the first k£ such that 5% < €3. At each step 1,
let n; be the number of intervals in P;, s; the number of interval in P; that have
been divided to obtain P;y1, and ¢ = 1/\/5 Thus, it is clear that ;41 < cg;

siee)?® < Z(f(xﬁ»_l)—f(xé))”?’(xé—$§_1)1/3

2/3 1/3

< | D f@ig) - f(ah) Soab ol | <MLV
J J
using Holder’s inequality. We then deduce that

k k k k
Sonj=k+> sk <2 sk <2 jMYELY3 (e ;)73
j=1 j=1 j=1 j=1

k
—-2/3 coy—1
§2M2/3L1/35k /21/3§ j2 /3
=1
SKOM2/3L1/3€]:2/37

where Ko = 2(1 —272/3)=2, Thus
ng < KoM?/3LY3¢7 1, (25)

Now, for f € F, we prove that there exists a stepwise density with less than
K0M2/3L1/3% pieces such that

KL(f,h) < ¢ and /flog(}{—O)Q(:C)d:C < € (26)
P
In order to simplify notations, we define

Ty =Ty, l?, =T —Ti-1, YGi= f($i_1)1/2-

We consider the partition constructed above associated with f'/2, which is
also a monotone non-increasing function that satisfies f'/2(0) < M'/? (instead
of M). We denote g the function defined as g(z) = > 5, | 4,1(%)gi

1772 g3 = / (F? = g)*(@)de = Z/ (2 = g)*(a)de
<Z / (P2 ) — Y2 (k) 2de

<Z DU (i) = F2 )

< npe? < LM3K MY3e,
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We then define h = fg—; and and get an equivalent of [ g%

[ o= [~ s +1
~ [o- Vg + VPla)ds +1

=14+ O(e),
and deduce that ([ g?)'/2 =1+ O(e). Let H be the Hellinger distance
g2
H(f,h) =H (f,—>
(o) I
2 2 9
SH fvg +H 957 5
(f,97) + H( fg2)
p 1/2
1/6 1/6 2

Since ||f/hllss = [|f/*ls([ %) < ([ g*), together with the above bound
on H(f,h) and Lemma 8 from Ghosal and van der Vaart (2007), we obtain the
required result.

Let P be a probability distribution defined by

n,
P = szis(ﬂ?f) pi = (hioy — b))} o, = by, = hn, L,
i=1

thus fp = h and given the previous result, lemma 11 is proved. Il
Given Lemma 11, we now prove Lemma 8.
Proof of Lemma 8. We first consider the case where 6" < «(6) < 62 for small

0. For ¢, as in Theorem 1, define 6,, as

. €n
0, = 1nf{:1:,1 — Fy(x) < %}

Note that Fp is cadlag, thus
Fy(0,) >1—¢€,/(2n) and Yy < 0,1 — Fo(y) > €,/(2n). (27)

Using lemma 11 with L = 6,,, we obtain that there exists a distribution P =
S 8g,pi such that

2
KL(fon, fp) < €2, and /fo,n log (m) Sen
Ip
Note that fp has support [0,6,] and is such that fp(6,) > 0. Now, set m =
ng and consider P’ the mixing distribution associated with {m,a/,... =/

m>
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ph... P} with Y7 pi = 1. Define for 1 < ¢ < m — 1 the set U; = [0V
(z; — €3 /M, x; + €3 /M| and Uy, = (05,6, + €,(L — 6,,) A €5 /M]. Construct P’
such that 2 € U; and |P'(U;) — pi| < e2m~1. We get

/
P,
!

m

vt € [0,60,] fp(t) >

Given that 2/, € U, we get 2/, < 0, + €,(L — 0,) Ae3 /M < 6,, for n large
enough. Note also that pl, > p, — e2Zm~!. Given the construction of Lemma

11, we deduce

fO(I’L 1) > .
pm - 1 +O(6n) ~ fO(I1*1)7
for n large enough. Furthermore, given (27)
L €
Vz < O, fo(2)(L—2z)> fo(t)dt > 2—”,
. n
thus _—
o —e2m €
Yt e [0,6 >2n 7 >
€ 0.0 Fplt) 2 B 2 O

and deduce that |[fo/fp[loc S ¢ Lemma 8 from Ghosal and van der Vaart
(2007) gives us that

/ " o) o (22 (@)t 5 (& + H2p ) 2+ o(en /)
< (@ +1fp— frrlt) (L+ [log(en/m)]).
Given the mixture representation (1) of fo and fp, we get
(en + | fp = frrh) (1 +log(n))
(@ [~ Bt + 3 B, ~ Bt 1+ (o)
(68 D215 = 1ol + Xl =l + 30 et — il ) 1+ o)
< (1 + log(n)).

Generally speaking, denoting Uy = [0, 1]N(UM™,U;)¢ and N = {P’, |P'(U;)—p;i| <
€2m~1} we obtain that for all P’ € N

on Jo
fole)tog (£

A

A

) @) S €(1+ [og(n)]),

0

and similarly

[ sotarton (22 @y < 0+ oo
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for €, small enough. Note also that for all P’ € N and n large enough, as before
we get

L
/ fo(@)da <
On n

We now derive a control on k, the number of steps until ¢, < e;o’/ % in the

construction of Lemma 11. At step & — 1, we have g1 > 6?/2. It is clear that
for all j, e; < 271/2¢;_ 4, thus

MV2L29=(R=1)/2 5 o> 6;0,1/2

log(2) _ 3
log(MY/2LY/2) — (k — 1) Og; ) > = log(en).
Finally, we have
2 3
k< log(M/2LY?) — Zlog(e,)) + 1. 2
< 1Og(2)(0g( ) = 5 log(en)) + (28)

We can then get a lower bound for IT[A] and, given that for ¢, small enough
and n large enough, we have

N C Snlen,0n),

we can deduce a lower bound for II(S),(€n, 0,)). For the Type 1 prior, we have
similarly to Ghosal et al. (2000)

IN] = Pr(D(Aa(y),. .., Aa(Uy,)) € [pi + €2 /ni))
N I'(A) /(pi+én/nk) IAa(Uj)_ld:Ej.
— 1L T(AaU) 22 -2 /miyno

Given condition C1, we have

OA(UZ) Z / aoﬁtldﬁ,
U.

k3

thus
a(U;) > 2620&0I1‘t1.

For n large enough and e sufficiently small we have as in Lemma 6.1 of Ghosal
et al. (2000)
II(N) = exp {C1n log(e)} .

Note that given (25), ny < €, which gives the desired result. For the Type 2
prior, we write

ny
N = P/:Zp;'(sm;v|p;‘_pj|Sez/nk7|I;_Ij| SE?L CSn(En,on),
j=1
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we then deduce a lower bound for TI[S, (¢, 0,)]

Nk pite’ /ny, Tk
H[Nl] > Q(K =nyg) H n;’ﬂkcnk / w?jdwj H o(U;)

max(0,p; —€2/ny)

> exp{ — cng logng + Z log(a(U;))
+ ni(log(c) — log(nk)) + Z a; 10g(262/n;€)}
> exp{Cie 'log(e)} .

We now consider the case where e=91/% < a() < e~/ if § is close to 0 and
Sup,eqo,s) 1f6()] < Co. We have that for n large enough and C' > 0, a constant
depending on foy, fo(0) — fo(en) < Cey,. Following Lemma 11, we can construct
a plecewise constant approximation of fy on [, L]. On [0, 6], consider the regu-
lar partition with |e; '] points and the piecewise constant approximation of fo
defined as before (i.e. f; = fo(x;—1)). Again, this approximation can be identi-
fied with a measure P. Given the assumptions on fy we immediately get that
KL(fo, fr) S €2.

Consider the same sets N as before, with the same partitions Uy, ..., U,.
Using similar computations as in Lemma 6.1 of Ghosal et al. (2000) we get that

II(N) > exp {Cl (g, + €, 1) log(en) + Z log(a(Ui))}

For the U; included in [§, L] we have o(U;) 2 ¢2/?. For the U; included in

[0, 9] we have a(U;) 2 €, exp{—a/(i€,)}, which gives

> ali) S —e, " log(n)

We conclude the proof using similar arguments as before. O

A.2. Proof of Lemma 3.1

The proof of Lemma 3.1 is straightforward and comes directly from C1 and C2.

Proof. Recall that given (1), f(0) = f[o 1 $dP(6). Then

oMt 1 1 1
/0 5dp(9)+/2 ~dP(6) zMn].

Myt 0

H[/OI%dP(H)zMn} =11

Note that

/1 Lapw) < Mn/2/1 dP(0) < M, /2.
2 2

Mt 0 Mt

Thus the set {P, fOQM’:l 0='dP(#) > M, /2} contains Fy; and

mrs < 1

2M;1 1
/ ~dP () > Mn/2]
0
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2M;11
dP(0
| gere)

using Markov inequality. Then for a Type 1 prior when n large enough

. . 2M;11
H[}'n] < 2M, 5a(9)d9

2Mt ta+1
2M,, / gr-1gg — Mo ) g V2T Geenonn®®
2

< 2M'E

IN

For a Type 2 prior, we have that

) ) | a0, M, ')

C cn1/3 log(n)z/3 0

Appendix B: Adaptation of Theorem 4 of Rivoirard and Rousseau
(2012)

This Theorem is a slight modification of Theorem 2.9 of Ghosal et al. (2000).
The main difference lies in the handling of the denominator D,, in

fd  f0)>Jome H? 1 f())(()dl'[(f) Ny,
T(f : d(for f) > Jonen|X") = STzl o) RO,
sz 1 fO dﬂ—(f) n

as in general, it require a lower bound on the prior mass of Kullback Leibler
neighborhood of fy. Here we prove that under condition (16) we have for some
constants ¢, C' > 0

Pl(Dy < ce"Omn) = o(1).

Let 1,,(f) be the log likelihood associated with f and define Q,, = {(f, X"™),,,(f)—
I (fo) > —Cine2} for some constant C; > 0. Define also A,, = {X™,ViX; < 0,}.
We thus have

Dy > e=Crmen / T, dTI(f) = e~ C1" N TI(S, (e, 6n) N ).
Sn(€n,0n)

Note that given (16) we have that there exists p > 0 such that for n large enough
e~ TI(S,, (6n, 0n) > p. We now write
PM(D, < e Onen)
< By (el OIS, (e, 02) N Q) < )
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< Py (ew—cl—cﬂmin(sn(en,9n) nQ, < EH(Sn(en,Hn)>
P

<P (H(Sn(en, 0,)NANS) > (1 - e—<0—01—02>”635> (S, (en, 9n)))
p

_ 2 suten PO
- H(Sn(emen)) '

For all f € S, (€n,0,) we compute

my = Eg(ln(fO) - ln(f)]IAn)
B woa [ o(z)
=nkp(0n) 1/0 folog (m)
+

= nF0(9 ) <KL(fO ny fn)

S O3n€na

and

B (%) = Py (1a(f) — ln(fo) < —Cine2)
= PP ({Ia(f) ~ Lu(fo) < ~Cin2} N A,) + o(1)
< PP ({la(fo) = 1n(f) = mu > (C1 = Co)ne2} N A,) +o(1)

< B

fo) = ln(f) — mn}HAn)Q
C1 — C3)?(ne)?

+ o(1).

We then compute for C5 and Cg some fixed constants

Eg ({In(fo) = ln(f) — ma}La,)?

(/ e (53 )o
n—l(/ fon1g< >dw> —mi>
</’“2 8)

< nFy(f / fonlo 2(f0 )

< C57’L€n + Cg (nen)

FO (0,) 2" 2m?2 — mi)

121 0(9n)n_1(F0(9n)_2n+2 - 1)

We finally obtain that for all f € Sy (€n,0,), PF(Q%) = o(1). We end the proof
using similar arguments as in Ghosal et al. (2000).
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