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Abstract

This paper provides a general technique for lower bounding the Bayes risk of statistical
estimation, applicable to arbitrary loss functions and arbitrary prior distributions. A lower
bound on the Bayes risk not only serves as a lower bound on the minimax risk, but also
characterizes the fundamental limit of any estimator given the prior knowledge. Our bounds
are based on the notion of f-informativity (Csiszér, 1972), which is a function of the
underlying class of probability measures and the prior. Application of our bounds requires
upper bounds on the f-informativity, thus we derive new upper bounds on f-informativity
which often lead to tight Bayes risk lower bounds. Our technique leads to generalizations of
a variety of classical minimax bounds (e.g., generalized Fano’s inequality). Our Bayes risk
lower bounds can be directly applied to several concrete estimation problems, including
Gaussian location models, generalized linear models, and principal component analysis
for spiked covariance models. To further demonstrate the applications of our Bayes risk
lower bounds to machine learning problems, we present two new theoretical results: (1) a
precise characterization of the minimax risk of learning spherical Gaussian mixture models
under the smoothed analysis framework, and (2) lower bounds for the Bayes risk under
a natural prior for both the prediction and estimation errors for high-dimensional sparse
linear regression under an improper learning setting.

Keywords: Bayes risk, Minimax risk, f-divergence, f-informativity, Fano’s inequality,
Smoothed analysis

1. Introduction

Consider a standard setting where we observe data points X taking values in a sample
space X. The distribution of X depends on an unknown parameter 6 € © and is denoted
by Py. The goal is to compute an estimate of # based on the observed samples. Formally,
we denote the estimator by 9(X), where ? : X — © is a mapping from the sample space
to the parameter space. The risk of the estimator is defined by E¢L(#,9(X)) where L :
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© x A+ [0,00) is a non-negative loss function. This framework applies to a broad scope
of machine learning problems. Taking sparse linear regression as a concrete example, the
data X represents the design matrix and the response vector; the parameter space is the
set of sparse vectors; the loss function can be chosen as a squared loss.

Given an estimation problem, we are interested in the lowest possible risk achievable
by any estimator, which will be useful in justifying the potential of improving existing
algorithms. The classical notion of optimality is formalized by the so-called minimax risk.
More specifically, we assume that the statistician chooses an optimal estimator 0, then the
adversary chooses the worst parameter 6 by knowing the choice of 9. The minimax risk is
defined as:

Rminimax(L5 @) ;= inf sSup EGL(9> D(X)) (1)
0 geo
The minimax risk has been determined up to multiplicative constants for many impor-
tant problems. Examples include sparse linear regression (Raskutti et al., 2011), clas-
sification (Yang, 1999), additive models over kernel classes (Raskutti et al., 2012), and
crowdsourcing (Zhang et al., 2016).

The assumption that the adversary is capable of choosing a worst-case parameter is
sometimes over-pessimistic. In practice, the parameter that incurs a worst-case risk may
appear with very small probability. To capture the hardness of the problem with this prior
knowledge, it is reasonable to assume that the true parameter is sampled from an underlying
prior distribution w. In this case, we are interested in the Bayes risk of the problem. That
is, the lowest possible risk when the true parameter is sampled from the prior distribution:

Rpuges (0, L) = inf /@ By L(6,(X))w(df). (2)
If the prior distribution w is known to the learner, then the Bayes estimator attains the
Bayes risk (Berger, 2013). But in general, the Bayes estimator is computationally hard to
evaluate, and the Bayes risk has no closed-form expression. It is thus unclear what is the
fundamental limit of estimators when the prior knowledge is available.

In this paper, we present a technique for establishing lower bounds on the Bayes risk
for a general prior distribution w. When the lower bound matches the risk of any existing
algorithm, it captures the convergence rate of the Bayes risk. The Bayes risk lower bounds
are useful for three main reasons:

1. They provide an idea of the difficulty of the problem under a specific prior w.

2. They automatically provide lower bounds for the minimax risk and, because the min-
imax regret is always larger than or equal to the minimax risk (see, for example,
Rakhlin et al. (2013)), they also yield lower bounds for the minimax regret.

3. As we will show, they have an important application in establishing the minimax
lower bound under the smoothed analysis framework.

Throughout this paper, when the loss function L and the parameter space © are clear from
the context, we simply denote the Bayes risk by Rpayes(w). When the prior w is also clear,
the notation is further simplified to R.
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1.1 Our Main Results

In order to give the reader a flavor of the kind of results proved in this paper, let us consider
Fano’s classical inequality (Han and Verdu, 1994; Cover and Thomas, 2006; Yu, 1997) which
is one of the most widely used Bayes risk lower bounds in statistics and information theory.
The standard version of Fano’s inequality applies to the case when © = A = {1,..., N}
for some positive integer N with the indicator loss L(6,a) := I{6 # a} (I stands for the
zero-one valued indicator function) and the prior w being the discrete uniform distribution
on O. In this setting, Fano’s inequality states that

I(w,P) + log2

RBayes(w) >1- IOgN

(3)
where I(w, P) is the mutual information between the random variables § ~ w and X with
X0 ~ Py (note that this mutual information only depends on w and P = {Fy : § € ©}
which is why we denote it by I(w,P)). Fano’s inequality implies that when I(w;P) is large
i.e., when the information that X has about @ is large, then the risk of estimation is small.

A natural question regarding Fano’s inequality, which does not seem to have been asked
until very recently, is the following: does there exist an analogue of (3) when w is not
necessarily the uniform prior and/or when © and A are arbitrary sets, and/or when the loss
function is not necessarily I{6 # a}? An interesting result in this direction is the following
inequality which has been recently proved by Duchi and Wainwright (2013) who termed it
the continuum Fano inequality. This inequality applies to the case when © = A is a subset
of Euclidean space with finite strictly positive Lebesgue measure, L(0,a) = I{||§ — a||2 > €}
for a fixed € > 0 (|| - ||2 is the usual Euclidean metric) and the prior w being the uniform
probability measure (i.e., normalized Lebesgue measure) on O. In this setting, Duchi and
Wainwright (2013) proved that

I(w,P) +log2
log (supgeqaw{0 € ©:[|0 —all2 <€})’

RBayes(w) >1 +

(4)

It turns out that there is a very clean connection between inequalities (3) and (4).
Indeed, both these inequalities are special instances of the following inequality:

I(w,P) +log2
>1
RBayeS(w) =1+ log (SupaGA 'w{0 €0: L(07 CL) = 0})

(5)

Indeed, the term w{f € © : L(A,a) = 0} equal to 1/N in the setting of (3) and it is equal
to w{f € © : ||§ — all2 < €} in the setting of (4).

Since both (3) and (4) are special instances of (5), one might reasonably conjecture that
inequality (5) might hold more generally. In Section 3, we give an affirmative answer by
proving that inequality (5) holds for any zero-one valued loss function L and any prior w.
No assumptions on ©, A and w are needed. We refer to this result as generalized Fano’s
inequality. Our proof of (5) is quite succinct and is based on the data processing inequality
(Cover and Thomas, 2006; Liese, 2012) for Kullback-Leibler (KL) divergence. The use of the
data processing inequality for proving Fano-type inequalities was introduced by Gushchin
(2003).
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The data processing inequality is not only available for the KL divergence. It can
be generalized to any divergence belonging to a general family known as f-divergences
(Csiszar, 1963; Ali and Silvey, 1966). This family includes the KL divergence, chi-squared
divergence, squared Hellinger distance, total variation distance and power divergences as
special cases. The usefulness of f-divergences in machine learning has been illustrated in
Reid and Williamson (2011); Garcia-Garcia and Williamson (2012); Reid and Williamson
(2009).

For every f-divergence, one can define a quantity called f-informativity (Csiszér, 1972)
which plays the same role as the mutual information for KL divergence. The precise def-
initions of f-divergences and f-informativities are given in Section 2. Utilizing the data
processing inequality for f-divergence, we prove general Bayes risk lower bounds which
hold for every zero-one valued loss L and for arbitrary ©, A and w (Theorem 2). The gen-
eralized Fano’s inequality (5) is a special case by choosing the f-divergence to be KL. The
proposed Bayes risk lower bounds can also be specialized to other f-divergences and have
a variety of interesting connections to existing lower bounds in the literature such as Le
Cam’s inequality, Assouad’s lemma (see Theorem 2.12 in Tsybakov (2010)), Birgé-Gushchin
inequality (Gushchin, 2003; Birgé, 2005). These results are provided in Section 3.

In Section 4, we deal with nonnegative valued loss functions L which are not necessarily
zero-one valued. Basically, we use the standard method of lower bounding the general
loss function L by a zero-one valued function and then use our results from Section 3 for
lower bounding the Bayes risk. This technique, in conjunction with the generalized Fano’s
inequality, gives the following lower bound (proved in Corollary 12)

Rpayes(w, L; ©) > lsup {t >0:supwi{f: L(0,a) <t} < 16_2I(w’P)} . (6)
2 acA 4

A special case of the above inequality has appeared previously in Zhang (2006, Theorem 6.1)
(please refer to Remark 13 for a detailed explanation of the connection between inequality
(6) and (Zhang, 2006, Theorem 6.1)).

We also prove analogues of the above inequality for different f divergences. Specifically,
using our f-divergence inequalities from Section 3, we prove, in Theorem 9, the following
inequality which holds for every f divergence:

Rpayes(w, L; ©) > %sup {t >0: sugw{@ :L(6,a) <t} <1-— Uf(If(w,P))} (7)
ac

where I¢(w,P) represents the f-informativity and uy(-) is a non-decreasing [0, 1]-valued

function that depends only on f. This function us(-) (see its definition from (31)) can be

explicitly computed for many f-divergences of interest, which gives useful lower bounds in

terms of f-informativity. For example, for the case of KL divergence and chi-squared diver-

gence, inequality (7) gives the lower bound in (6) and the following inequality respectively,

1 1
R ,L;0) > - t>0: 0:L(0,a) <t} < . 8
mo::0) > oup {2 0: supu(0: 200 <1} € gy oy |+ O
where I,2(w, P) is the chi-squared informativity.
Intuitively, inequality (7) shows that the Bayes risk is lower bounded by half of the largest
possible ¢ such that the maximum prior mass of any t-radius “ball” (w{6 : L(0,a) < t}) is
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less than some function of f-informativity. To apply (7), one needs to obtain upper bounds
on the following two quantities:

1. The “small ball probability” sup,c 4 w{# : L(#,a) < t}, which does not depend of the
family of probability measures P.

2. The f-informativity I(w,P), which does not depend on the loss function L.

We note that a nice feature of (7) is that L and P play separately roles. One may first
obtain an upper bound I}lp for the f-informativity I¢(w,P), then choose t so that the small
ball probability w{f : L(f,a) < t} can be bounded from above by 1 — Uf(f}lp). The Bayes
risk will be bounded from below by ¢/2. It is noteworthy that the terminology “small ball
probability” was used by Xu and Raginsky (2014) (this paper proved information-theoretic
lower bounds on the minimum time in a distributed function computation problem).

We do not have a general guideline for bounding the small ball probability. It needs to be
dealt with case by case based on the prior and the loss function. But for upper bounding the
f-informativity, we offer a general recipe in Section 5 for a subclass of divergences of interest
(power divergences for a ¢ [0, 1)), which covers the chi-squared divergence as one of the
most important divergences in our applications. These bounds generalize results of Haussler
and Opper (1997) and Yang and Barron (1999) for mutual information to f-informativities
involving power divergences. As an illustration of our techniques (inequality (7) combined
with the f-informativity upper bounds), we apply them to a concrete estimation problem in
Section 5. We further apply our results to several popular machine learning and statistics
problems (e.g., generalized linear model, spiked covariance model, and Gaussian model with
general loss) in Appendix C.

In Section 6 and Section 7, we present non-trivial applications of our Bayes risk lower
bounds to two learning problems: the first one is a unsupervised learning problem, while
the second one is a supervised learning problem. Section 6 studies smoothed analysis for
learning mixtures of spherical Gaussians with uniform weights. Although learning mixtures
of Gaussians is a computationally hard problem, it has been shown recently by Hsu and
Kakade (2013) that under the assumptions that the Gaussian means are linearly indepen-
dent, it can be learnt in polynomial time by a spectral method. We perform a smoothed
analysis on a variant of the algorithm (Hsu and Kakade, 2013), showing that the linear
independence assumption can be replaced by perturbing the true parameters by a small
random noise. The method described in Section 6 achieves a better convergence rate than
the original algorithm of Hsu and Kakade (2013). Furthermore, we apply the Bayes risk
lower bound techniques to show that the algorithm’s convergence rate is unimprovable, even
under smoothed analysis (i.e. when the true parameters are randomly perturbed). Section 6
highlights the usefulness of our techniques in proving lower bounds for smoothed analysis,
which appears to be challenging using traditional techniques of the minimax theory.

In Section 7, we consider the high-dimensional sparse linear regression problem and
we provide Bayes risk lower bounds for both prediction error and estimation error under a
natural prior on the regression parameter belonging to the set of k-sparse vectors. Although
lower bounds for sparse linear regression have been well-studied (see, e.g., Raskutti et al.
(2011); Zhang et al. (2014) and references therein), these bounds only focus on the minimax
or the worst-case scenario and thus are too pessimistic in practice. Indeed, the parameters
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that usually attain these minimax lower bounds have zero probability under any continuous
prior, so that their average effects might be negligible. The fundamental limits of sparse
linear regression under a realistic prior is, to the best of the our knowledge, unknown. The
developed tool of lower bounding Bayes risks can be directly applied to characterize these
limits. Moreover, our Bayes risk lower bound is flexible in the sense that by tuning the
variance of the prior of non-zero elements of 6, it provides a wide spectrum of lower bounds.
For one particular choice of the variance, our Bayes risk lower bounds match the minimax
risk lower bounds. This gives a natural least favorable prior for sparse linear regression,
while the known least favorable prior in Raskutti et al. (2011) is a non-constructive discrete
prior over a packing set of the parameter space that cannot be sampled from. We also
work under the improper learning setting where we allow non-sparse estimators for the true
regression vector (even though the true regression vector is assumed to be sparse).

1.2 Related Works

Before finishing this introduction section, we briefly describe related work on Bayes risk
lower bounds. There are a few results dealing with special cases of finite dimensional
estimation problems under (weighted/truncated) quadratic losses. The first results of this
kind were established by Van Trees (1968), and Borovkov and Sakhanienko (1980) with
extensions by Brown and Gajek (1990); Brown (1993); Gill and Levit (1995); Sato and
Akahira (1996); Takada (1999). A few additional papers dealt with even more specialized
problems e.g., Gaussian white noise model (Brown and Liu, 1993), scale models (Gajek and
Kaluszka, 1994) and estimating Gaussian variance (Vidakovi and DasGupta, 1995). Most of
these results are based on the van Trees inequality (see Gill and Levit (1995) and Theorem
2.13 in Tsybakov (2010)). Although the van Trees inequality usually leads to sharp constant
in the Bayes risk lower bounds, it only applies to weighted quadratic loss functions (as its
proof relies on Cauchy-Schwarz inequality) and requires the underlying Fisher information
to be easily computable, which limits its applicability. There is also a vast body of literature
on minimax lower bounds (see, e.g., Tsybakov (2010)) which can be viewed as Bayes risk
lower bounds for certain priors. These priors are usually discrete and specially constructed
so that the lower bounds do not apply to more general (continuous) priors. Another related
area of work involves finding lower bounds on posterior contraction rates (see, e.g., Castillo
(2008)).

1.3 Outline of the Paper

The rest of the paper is organized in the following way. In Section 2, we describe notations
and review preliminaries such as f-divergences, f-informativity, data processing inequality,
etc. Section 3 deals with inequalities for zero-one valued loss functions. These inequalities
have many connections to existing lower bound techniques. Section 4 deals with nonnegative
loss functions and we provide inequality (7) and its special cases. Section 5 presents upper
bounds on the f-informativity for power divergences for a ¢ [0,1). Some examples are also
given in this section. Section 6 studies smoothed analysis for learning mixtures of spherical
Gaussians with uniform weights using our technique. We conclude the paper in Section
1.3. Due to space constraints, we have relegated some proofs and additional examples and
results to the appendix.
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2. Preliminaries and Notations

We first review the notions of f-divergence (Csiszdr, 1963; Ali and Silvey, 1966) and f-
informativity (Csiszar, 1972). Let C denote the class of all convex functions f : (0,00) — R
which satisfy f(1) = 0. Because of convexity, the limits f(0) := lim,o f(z) and f'(c0) :=
limg1oo f(2)/2 exist (even though they may be +o00) for each f € C. Each function f € C
defines a divergence between probability measures which is referred to as f-divergence. For
two probability measures P and () on a sample space having densities p and ¢ with respect
to a common measure f, the f-divergence D¢ (P||Q) between P and @ is defined as follows:

Ds(PlQ) = [ f (2) adp + /(00) Pl = 0}, (9)

We note that the convention 0 - oo = 0 is adopted here so that f'(co)P{q = 0} = 0 when
f'(00) = oo and P{q = 0} = 0. Note that D¢(P||Q) = +oo when f/'(co) = +oo and
P{q =0} > 0. Also note that f(1) = 0 implies that D¢(P||Q) = 0 when P = Q.

Certain divergences are commonly used because they can be easily computed or bounded
when P and @) are product measures. These divergences are the power divergences corre-
sponding to the functions f, defined by

1—2% for

zlogx for

x*—1 for a¢]0,1];
fulz) = a €

1
—logx for a=0.

Popular examples of power divergences include:

1) Kullback-Leibler (KL) divergence: a = 1, Dy, (P||Q) = [ plog(p/q)du if P is ab-
solutely continuous with respect to @ (and it is infinite if P is not absolutely continuous
with respect to Q). Following the conventional notation, we denote the KL divergence by
D(P||Q) (instead of Dy, (P||Q)).

2) Chi-squared divergence: « = 2, D, (P||Q) = [(p*/q)du — 1 if P is absolutely
continuous with respect to @ (and it is infinite if P is not absolutely continuous with
respect to Q). We denote the chi-squared divergence by x?(P||Q) following the conventional
notation.

3) When o = 1/2, one has Dy, ,(P||Q) =1 — | /Padp which is a half of the squared
Hellinger distance. That is, Dy, ,(P[|Q) = H?(P||Q)/2, where H?(P||Q) = [(\/p—/q)*dp
is the squared Hellinger distance between P and ().

The total variation distance || P — Q||7v is another f-divergence (with f(z) = |z —1|/2)
but not a power divergence.

One of the most important properties of f-divergences is the “data processing inequality”
(Csiszér (1972) and Liese (2012, Theorem 3.1)) which states the following: let X and ) be
two measurable spaces and let I' : X — ) be a measurable function. For every f € C and
every pair of probability measures P and Q on X, we have

Dy(PTH|QT™) < Dy(PlIQ), (10)
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where PT'~! and QT'~! denote the induced measures of T on ), i.e., for any measurable set
B on the space ), PT~}(B) := P(I'"Y(B)), QI Y(B) := Q(I'"}(B)) (see the definition of
induced measure from Definition 2.2.1. in Athreya and Lahiri (2006)).

Next, we introduce the notion of f-informativity (Csiszér, 1972). Let P = {FPy: 0 € O}
be a family of probability measures on a space X and w be a probability measure on O.
For each f € C, the f-informativity, Iy(w,P), is defined as

I(w,P) =it [ Dy(RlIQ)u(ds), (11)

where the infimum is taken over all possible probability measures @ on X. When f(x) =
xzlogx (so that the corresponding f-divergence is the KL divergence), the f-informativity
is equal to the mutual information and is denoted by I(w,P). We denote the informativity
corresponding to the power divergence Dy, by Iy, (w,P). For the special case a = 2, we
use the more suggestive notation I,2(w,P). The informativity corresponding to the total
variation distance will be denoted by Iy (w,P).

Additional notations and definitions are described as follows. Recall the Bayes risk (2)
and the minimax risk (1). When the loss function L and parameter space © are clear from
the context, we drop the dependence on L and ©. When the prior w is also clear from
the context, we denote the Bayes risk by R and the minimax risk by Ruinimax. We need
certain notation for covering numbers. For a given f-divergence and a subset S C O, let
Mi(e,S) denote any upper bound on the smallest number M for which there exist prob-

ability measures Q1,...,Qy that form an e2-cover of {Py,0 € S} under the f-divergence
ie.,

in D(Py)|Q;) < €. 12

sup, min, r(Pol|Qy) <€ (12)

We write the covering number as Mgy (e, S) when f(z) = zlogz and M,2(e, S) when
f(z) = 22 — 1. We write M, (€, S) when f = f, for other a € R. We note that log My (e, S)
is an upper bound on the metric entropy. The quantity My (e, S) can be infinite if S is
arbitrary. For a vector z = (x1,...,24) and a real number p > 1, denote by ||z||, the £,-
norm of . In particular, ||z||2 denotes the Euclidean norm of z. I(A) denotes the indicator
function which takes value 1 when A is true and 0 otherwise. We use C, ¢, etc. to denote
generic constants whose values might change from place to place.

3. Bayes Risk Lower Bounds for Zero-one Valued Loss Functions and
Their Applications

In this section, we consider zero-one loss functions L and present a principled approach
to derive Bayes risk lower bounds involving f-informativity for every f € C. Our results
hold for any given prior w and zero-one loss L. By specializing the f-divergence to KL
divergence, we obtain the generalized Fano’s inequality (5). When specializing to other
f-divergences, our bounds lead to some classical minimax bounds of Le Cam and Assouad
(Assouad, 1983), more recent minimax results of Gushchin (2003); Birgé (2005) and also
results in Tsybakov (2010, Chapter 2). Bayes risk lower bounds for general nonnegative
loss functions will be presented in the next section.

We need additional notations to state the main results of this section. For each f € C, let
¢f :[0,1]> = R be the function defined in the following way: for a,b € [0,1]%, ¢¢(a,b) is the
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f-divergence between the two probability measures P and @ on {0,1} given by P{1} = a
and Q{1} = b. By the definition (9), it is easy to see that ¢¢(a,b) has the following
expression (recall that f/(co) = limgtoo f(2)/2):

bf (§)+(1—b)f (4=4) for 0<b<1;
¢r(a,b) =4 f(1—a) + af'(co) for b= 0; (13)
fla)+ (1 —a)f'(o0) for b=1.

The convexity of f implies monotonicity and convexity properties of ¢ ¢, which is stated in
the following lemma.

Lemma 1 For each f € C, for every fized b, the map g(a) : a — ¢¢(a,b) is non-increasing
for a € [0,b] and g(a) is conver and continuous in a. Further, for every fized a, the map
h(b) : b+ ¢f(a,b) is non-decreasing for b € [a, 1].

We also define the quantity

Ry := inf / L(8,a)w(de), (14)
acA Jg

where the decision a does not depend on data X. Note that Ry represents the Bayes risk with

respect to w in the “no data” problem i.e., when one only has information on ©, A, L and the

prior w but not the data X. For simplicity, our notation for Ry suppresses its dependence

on w. Because the loss function is zero-one valued so that L(#,a) =1 —1I(L(6,a) = 0), the

quantity Rg has the following alternative expression:

Ry =1 —supw(B(a)), (15)
acA
where
B(a):={0 €0 :L(#,a) =0}, (16)

and w(B(a)) is the prior mass of the “ball” B(a). It will be important in the sequel to
observe that the Bayes risk, Rpayes(w) is bounded from above by Ry. This is obvious
because the risk with some data cannot be greater than the risk in the no data problem
(which can be viewed as an application of the data processing inequality). Formally, if
D = {0:3Ja € A such that d(x) = a Yz € X'} is the class of the constant decision rules,
then Ry = infoep [o EoL(6,0(X))w(df) > Rpayes(w). Because 0 < Rpayes(w) < Ro, we
have Rpayes(w) = 0 when Ry = 0. We shall therefore assume throughout this section that
Ry > 0.

The main result of this section is presented next. It provides an implicit lower bound
for the Bayes risk in terms of Ry and the f-informativity Ir(w,P) for every f € C. The
only assumption is that L is zero-one valued and we do not assume the existence of the
Bayes decision rule.

Theorem 2 Suppose that the loss function L is zero-one valued. For any f € C, we have
I(w,P) = ¢ (Rpayes(w), Ro) (17)

where ¢y and Ry are defined (13) and (14) respectively.
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1.5

1
1
|
0 02 R 04 06 R

Figure 1: Illustration on why (17) leads to a lower bound on Rpayes(w). Recall that R < Ry
and r — ¢¢(r, Ro) is non-increasing in r for r € [0, Ry]. Given I¢(w,P) as an upper bound
of ¢ ¢(Rpayes(w), Ro), we have Rpayes(w) > Ry, = g '(If(w,P)) and thus Ry, serves as a
Bayes risk lower bound.

Before we prove Theorem 2, we first show that the inequality (17) indeed provides an
implicit lower bound for the Bayes risk R := Rpayes(w) since R < Ry and r — ¢¢(r, Rp) is
non-increasing in r for r € [0, Ry| (Lemma 1). Therefore, let g(r) := ¢¢(r, Ry). We have

Riayes(w) > g~ (I;(w, P)), (18)

where g7!(z) := inf{0 < r < Rp,g(r) < z} is the generalized inverse function of the
non-increasing g(r). As an illustration, we plot ¢¢(r, Rg) for f(x) = xlogx and the cor-
responding Bayes risk lower bound ¢! (If(w,P)) in Figure 1. The lower bound (18) can
be immediately applied to obtain Bayes risk lower bounds when the f-divergence in (17)
is chi-squared divergence, total variation distance, or Hellinger distance (see Corollary 7).
However, for the KL divergence, there is no simple form of g~!(x). To obtain the corre-
sponding Bayes risk lower bound, we can invert (17) by utilizing the convexity of g(r), which
will give a generalized Fano’s inequality (see Corollary 5). In particular, since 7 — ¢¢(r, Ry)
is convex (see Lemma 1),

¢5(R, Ro) > ¢¢(r, Ro) + ¢'s(r—, Ro)(R —7) for every 0 <7 < Ro

where ¢';(r—, Ro) denotes the left derivative of x — ¢¢(z, Ro) at z = r. The monotonicity
of ¢f(r, o) in r (Lemma 1) gives ¢;(r—, Rg) < 0 and we thus have,

¢5(R, Ro) — ¢y (r, Ro)
R>r+ & (r— Ro)

for every 0 < r < Ry.

Inequality (17) I¢(w,P) > ¢ (R, Ro) can now be used to deduce that (note that ¢ (r—, Ro) <
0)
Iy (w, P) — ¢5(r, Ro)

R>r+
¢/f(r_7R0)

for every 0 < r < Ry. (19)

10
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The inequalities (18) and (19) provide general approaches to convert (17) to an explicit
lower bound on R.

Theorem 2 is new, but its special case © = A = {1,...,N}, L(0,a) := I{f # a} and
the uniform prior w is known (see Gushchin (2003) and Guntuboyina (2011b)). In such
a discrete setting, w(B(a)) = 1/N for any a € A and thus Ry = 1 — 1/N. The proof
of Theorem 2 heavily relies on the following lemma, which is a consequence of the data
processing inequality for f-divergences (see (10) in Section 2).

Lemma 3 Suppose that the loss function L is zero-one valued. For every f € C, every
probability measure ) on X and every decision rule 0, we have

[ DrtPrl@yo(a) = o(R. By (20)
where
R ::/eEgL(Q,D(X))w(dG) R ::/){/@L(G,o(x))w(dG)Q(dx). (21)

We note that Lemma 3 is of independent interest, which can be applied to establish minimax
lower bound as shown in the following remark.
Proof [Proof of Lemma 3|

Let P denote the joint distribution of 8 and X under the prior w i.e., 8 ~ w and
X0 ~ Py. For any decision rule 9, R° in (21) can be written as R® = EpL(6,0(X)). Let
Q denote the joint distribution of # and X under which they are independently distributed
according to # ~ w and X ~ @ respectively. The quantity RZ) in (21) can then be written
as RY) = EqL (6,0(X)).

Because the loss function is zero-one valued, the function I'(f,z) := L(6,0(x)) maps
© x X into {0, 1}. Our strategy is to fix f € C and apply the data processing inequality (10)
to the probability measures P, Q and the mapping I'. This gives

Dy(P||Q) > Dy(PI~H|QI ™), (22)

where PI' 1 and QI'~! are induced measures on the space {0,1} of I'. In other words, since
L is zero-one valued, both PI'~! and QI'~! are two-point distributions on {0, 1} with

PT {1} = /Fd]P’ =FEpL(0,0(X))=R®, QI {1} = /rdQ = RY.

By the definition of the function ¢y(-,-), it follows that D(PT—'|QL ") = ¢;(R®, RY). Tt
is also easy to see Df(P||Q) = [o Ds(Pp||Q)w(df). Combining this equation with inequal-
ity (22) establishes inequality (20). [ |

With Lemma 3 in place, we are ready to prove Theorem 2.
Proof [Proof of Theorem 2|

We write R as a shorthand notation of Rpayes(w). By the definition (11) of I¢(w,P), it
suffices to prove that

[ PrrlQu ) > oy(R,Ro) (23)

11
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for every probability measure Q.

Notice that R < Ry. If R = Ry, then the right hand side of (17) is zero and hence the
inequality immediately holds. Assume that R < Ry. Let € > 0 be small enough so that
R+ € < Ry. Let 9 denote any decision rule for which R < R® < R + € and note that such a
rule exists since R = infy R®. It is easy to see that

R = /X /@ L(0,(x))w(d0)Q(dz) > /X (inf /@ L(G,a)w(d@)) Q(dz) = Ro.

acA

We thus have R < R® < R+ ¢ < Rg < Rf). By Lemma 3, we have

[ DAPQu(a0) = o5 R
Because = + ¢ (x, Ry)) is non-increasing on z € [0, R}, we have
¢r(R°, RY) = ¢5(R+ €, Ry).
Because x — ¢ (R + €, ) is non-decreasing on z € [R + ¢, 1], we have
dr(R+e, R%) > ¢r(R+¢€ Ry).

Combining the above three inequalities, we have
[ DsPalQuld0) 2 o582, ) = 65+ €, ) = o5 + e, o)

The proof of (23) completes by letting € | 0 and using the continuity of ¢ (-, Ro) (continuity
was noted in Lemma 1). This completes the proof of Theorem 2. |

Remark 4 Lemma 3 can also be used to derive minimaz lower bounds in a different way.
For ezample, when the minimax decision rule d exists (e.g., for finite space © and A (Fer-
guson, 1967)), we have R® < Ruinimax- If the probability measure Q is chosen so that
Ruinimax < R%, then, by Lemma 1, the right hand side of (17) can be lower bounded by

replacing R° with Rminimax which yields

/@Df(PQHQ)w(dG) > ¢f(RminimaX7 REQ) (24)

Similarly, this inequality can be converted to an explicit lower bound on minimazx risk. We
will show an application of this inequality in deriving Birgé-Gushchin inequality (Gushchin,
2005; Birgé, 2005) in Section 3.3.

3.1 Generalized Fano’s Inequality

In the next result, we derive the generalized Fano’s ienquality (5) using Theorem 2. The
inequality proved here is in fact slightly stronger than (5); see Remark 6 for the clarification.

12
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Corollary 5 (Generalized Fano’s inequality) For any given prior w and zero-one loss
L, we have

I(w,P) +log(1 + Ry)
log (sup,e 4 w(B(a)))

RBayes(w7 L; @) > 1+ ) (25)
where B(a) is defined in (16).

Proof [Proof of Corollary 5]
We simply apply (19) to f(xz) = xlogx and r = Ry/(1 + Rp), it can then be checked
that

¢y(r, Ro) = —log(1 + Ro) —

log(1 — ' (r—. Ry) = log(1 —
1+ Ry Og( R0)7 ¢f(r 7R0) Og( R0)7

Inequality (19) then gives

I(w,P) + log(1 + Ryp)
log(1 — Ry)

which proves (25). [ |

R>1+

Remark 6 This inequality is slightly stronger than (5) because Ry < 1 (thuslog(1+ Ry) <
log2). For example, when © = A = {0,1}, L(0,a) :=I{f # a} and w{0} = w{l} = 1/2,
the inequality (5) leads to a trivial bound since the right hand side of (5) is megative.
However, since Ry = 1/2, the inequality (25) still provides a useful lower bound when
I(w,P) is strictly smaller than log2 — log(3/2).

As mentioned in the introduction, the classical Fano inequality (3) and the recent con-
tinuum Fano inequality (4) are both special cases (restricted to uniform priors) of Corollary
5. The proof of (4) given in Duchi and Wainwright (2013) is rather complicated with a
stronger assumption and a discretization-approximation argument. Our proof based on
Theorem 2 is much simpler. Lemma 3 also has its independent interest. Using Lemma 3,
we are able to recover another recently proposed variant of Fano’s inequality in Braun and
Pokutta (2014, Proposition 2.2). Details of this argument are provided in Appendix A.2.

3.2 Specialization of Theorem 2 to Different f-divergences and Their
Applications

In addition to the generalized Fano’s inequality, Theorem 2 allows us to derive a class of
lower bounds on Bayes risk for zero-one losses by plugging other f-divergences. In the next
corollary, we consider some widely used f-divergences and provide the corresponding Bayes
risk lower bounds by inverting (17) in Theorem 2.

Corollary 7 Let L be zero-one valued, w be any prior on © and R = Rpayes(w, L,0). We
then have the following inequalities

(i) Chi-squared divergence:

R > Ry —\/Ro(1 = Ro) L (w, P). (26)

13
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(ii) Total variation distance:

R > Ry — Ity (w,P). (27)
(iii) Hellinger distance:
h?
R> Ry~ (2Ro—1)% - V/Ro(1 — Ro)h2(2 — h?). (28)

provided h* < 2Ry. Here h? = [g [o H*(Py|| Py )w(d6)w(de’).

See Appendix A.3 for the proof of the corollary. The special case of Corollary 7 for
©=A={1,...,N}, L(0,a) =1{0 # a} and w being the uniform prior has been discovered
previously in Guntuboyina (2011b). It is clear from Corollary 7 that the choice of f-
divergence will affect the tightness of the lower bound for R. In Appendix A.5, we provide
a qualitative comparison of the lower bounds (25), (26) and (28). In particular, we show
that in the discrete setting with ® = A = {1,..., N}, the lower bounds induced by the
KL divergence and the chi-squared divergence are much stronger than the bounds given by
the Hellinger distance. Therefore, in most applications in this paper, we shall only use the
bounds involving the KL divergence and the chi-squared divergence.

Corollary 7 can be used to recover classical inequalities of Le Cam (for two point hypothe-
ses) and Assouad (Theorem 2.12 in Tsybakov (2010) with both total variation distance and
Hellinger distance) and Theorem 2.15 in Tsybakov (2010) that involves fuzzy hypotheses.
The details are presented in Appendix A.4.

3.3 Birgé-Gushchin’s Inequality

In this section, we expand (24) in Remark 4 to obtain a minimax risk lower bound due to
Gushchin (2003) and Birgé (2005), which presents an improvement of the classical Fano’s
inequality when specializing to KL divergence.

Proposition 8 (Gushchin, 2003; Birgé, 2005) Consider the finite parameter and action
space © = A = {0y, 01,...,0n} and the zero-one valued indicator loss L(0,a) = I{0 # a},
for any f-divergence,

¢f(Rminimax7 1- lemmax/N) < Ogju<nN -~ 27; Df P9 HPG ) (29)
it ]

Proof [Proof of Proposition §|

To prove Proposition 8, it is enough to prove that % Zi:i# D¢ (Py,| \ng) > ¢ f(Rminimax, 1 —
Ruinimax/IN) for every j € {0,..., N}. Without loss of generality, we assume that j = 0.
We apply (20) with the uniform distribution on © \ {6p} = {01,...,0n} as w, Q = Py, and
the minimax rule for the problem as 9. Because 0 is the minimax rule, R® < Rpinimax. Also

N

ZE(;O (0:;,0(X)) = %EQOZH{QHM(X)}.

i=1

It is easy to verify that Zi:l I{6; # o(X)} = N —I{6y # o(X)}. We thus have REQ =
1 —Ep,L(6p,0(X))/N. Because d is minimax, Eg,L(0y,0(X)) < Rminimax and thus

RDQ 2 1-— Rminimax/N- (30)

14
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Figure 2: Illustration of ¢;(1/2,b) and uys(x) for f(x) = xlogx.

On the other hand, we have Ryinimax < N/(N +1). To see this, note that the minimax
risk is upper bounded by the maximum risk of a random decision rule, which chooses among
the N + 1 hypotheses uniformly at random. For this random decision rule, its risk is NLH
no matter what the true hypothesis is. Thus, NLH is an upper bound on the minimax risk.
We thus have, from (30), that Rgg > 1 — Ruinimax/N > Ruinimax- We can thus apply (24)

to obtain
N
1
N Z Df(PGZ-HPOo) > ¢f(RminimaX> 1-— Rminimax/N)'
i=1

which completes the proof Proposition 8. [ |

4. Bayes Risk Lower Bounds for Nonnegative Loss Functions

In the previous section, we discussed Bayes risk lower bounds for zero-one valued loss
functions. We deal with general nonnegative loss functions in this section. The main result
of this section, Theorem 9, provides lower bounds for Rpayes(w, L; ©) for any given loss L
and prior w. To state this result, we need the following notion. Fix f € C and recall the
definition of ¢ in (13). We define uy : [0,00) — [1/2,1] by

up(x) :=inf{1/2 <b<1:¢f(1/2,b) > x} (31)

and if ¢¢(1/2,0) < x for every b € [1/2,1], then we take us(x) to be 1. By Lemma 1, it is
easy to see that uy(x) is a non-decreasing function of x. For example, for KL-divergence
with f(z) = xlogx, we have ¢(1/2,b) = %logm and ugp(z) = 5 + V1 — e 2% (see
Figure 2). We are now ready to state the main theorem of this paper.

Theorem 9 For every ©, A, L,w and f € C, we have

1
Rpayes(w, L; ©) > 3 sup {t > 0:supw(Bi(a, L)) <1-— uf(If(w,P))} , (32)
acA
where
Bi(a,L):={0€©:L(0,a) <t} foraec Aandt>0. (33)
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Proof [Proof of Theorem 9|

Fix ©, A, L,w and f. Let I := Iy(w,P) be a shorthand notation. Suppose ¢t > 0 is such
that

2161311) (B(a, L)) <1 —wus(1). (34)

We prove below that Rpayes(w, L;©) > t/2 and this would complete the proof. Let L,
denote the zero-one valued loss function L.(6,a) := T{L(A,a) >t}. It is obvious that
L > tL; and hence the proof will be complete if we establish that Rpayes(w, Li; ©) > 1/2.
Let R := Rpayes(w, Ly; ©) for a shorthand notation.

Because L; is a zero-one valued loss function, Theorem 2 gives

I>¢s(R,Ry) where Ry =1—supw (B(a,L)). (35)
acA

By (34), it then follows that Ry > us(I). By definition of uy(-), it is clear that there exists
b* € [1/2, Ro) such that ¢(1/2,b*) > I (this in particular implies that Ry > 1/2). Lemma
1 implies that b — ¢7(1/2,b) is non-decreasing for b € [1/2,1], which yields ¢(1/2,b*) <
¢£(1/2, Ry). The above two inequalities imply I < ¢#(1/2, Ry). Combining this inequality
with (35), we have

¢f(1/2,R0) > 1> ¢f(R, Ro).

Lemma 1 shows that a — ¢(a, Ro) is non-increasing for a € [0, Ro]. Thus, we have R > 1/2.
]

We further note that because uy(x) is non-decreasing in x, one can replace I¢(w,P) in
(32) by any upper bound I}lp i.e., for any I}lp > I¢(w, P), we have

Rpayes(w, L; ©) > — sup {t > 0:supw(Bia, L)) <1-— uf(I}lp)} ) (36)

acA

N | =

This is useful since I¢(w,P) is often difficult to calculate exactly. When f(z) = xlogz,
Haussler and Opper (1997) provided a useful upper bound on the mutual information
I(w,P). We describe this result in Section 5 where we also extend it to power divergences
fa for a & [0, 1] (which covers the case of chi-squared divergence).

Remark 10 From the proof of Theorem 9, it can be observed that the constant 1/2 in the
right hand side of (32) and in the definition of us(-) can be replaced by any c € (0,1]. This
gives the sharper lower bound:

RBayes(w, L; ©) > sup (csup {t >0:supw(Bi(a, L)) <1-— uf’c(If(mP))}) ,
ce(0,1] acA

where ug.(r) = inf{c < b < 1: ¢s(c,b) > x}. Since obtaining exact constants is not our
main concern, the inequality (32) is usually sufficient to provide Bayes risk lower bounds
with correct dependence on the model and prior.
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Remark 11 We note that the lower bound presented in Theorem 9 might not be tight for
some special priors, e.g., when the prior w has extremely large density in some small region
of the parameter space. We call such regions with unbounded density as spikes in the prior
distribution. As a concrete example, let © = A be a subset of a finite dimensional Fuclidean
space containing the origin with L being the Fuclidean distance and let w denote the mizture
of the uniform priors over the balls B1(0,L) and B¢(0,L) for some very small 0 < € < 1.
In this case, the mixture component B.(0,L) is a spike. If € is very small, then the term
supgea wW(Bi(a, L)) might be too big for Theorem 9 to establish a tight lower bound.

FEven in such extreme cases, the tight lower bound can be salvaged by partitioning the
parameter space © into finite or countably many disjoint subsets ©;,i > 0 and to apply
Theorem 9 to w restricted to each ©;. To illustrate this technique, suppose that w has a
Lebesgue density o that is bounded from above. Let pmax denote the supremum of @. We
partition the parameter space © into disjoint subsets ©g,O1,... with

0;:={0€0:27 My < 0(0) < 27 Pmax}- (37)

Then, we apply Theorem 9 to w restricted to each ©;. More specifically, let w; denote the
probability measure w restricted to O; i.e., w;(S) := w(S N O;)/w(O;) for any measurable
set S C ©;. we have

RBayes<w7 L7 @) Z Z w(@i)RBayes(wia L7 62)7 (38)

where Rpayes(wi, L; ©;) = infy f6i EgL(0,0(X))w;(df). To see this, for any decision rule ,
we have R®(w, L; ©) = >, w(0;)R°(w;, L; ©;); then take infimum over all possible @ on
both sides,

Rpayes(w, L; ©) = iralf R®(w, L; ©)

=1 =1

One can lower bound each Bayes risk Rpayes(wi, L; ©;) for all i using Theorem 9. Since the
density of w; differs by a factor at most 2, the spiking prior problem will no longer exist
while applying Theorem 9 for w;. We also note that another useful application of such a
partitioning technique is presented in Corollary 17.

Now take the concrete example of the mizture of the uniform priors over By := B1(0, L)
and B¢ := Bc(0,L). It is clear from (37) that ©9g = B, and O = B1\B. for some k > 0
and the rest of ©;’s are empty sets. Applying (38), we have

RBayGS(w’ L;0) zw(Be)RBayes(wla L;B.)+ w(Bl\Be)RBayes(w27 L; B1\By)
Zw(Bl\Be)-RBayes(w2a L; Bl\Be)
Note that w(Bi\B) is lower bounded by a universal constant. Then we can lower bound
Rpayes(w2, L; B1\Be) using Theorem 9 and obtain a tight lower bound up to a constant factor

that is independent of € (see an example of deriving Bayes risk lower bound for estimating
the mean of a Gaussian model with uniform prior on a ball in Section 5).
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For specific f € C, the right hand side of (36) can be explicitly evaluated as shown in
the next corollary.

Corollary 12 Fiz ©, A, L,w and P. The Bayes risk Rpayes(w, L; ©) satisfies each of the
following inequalities (the quantity I}lp represents an upper bound on the corresponding f-
informativity):

(i) KL divergence:

1 ]_ up
Rpayes(w, L; ©) > 2 Sup {t > 0:supw(Bi(a,L)) < Ze_yf } . (39)
acA

(ii) Chi-squared divergence:

1 1
Rpayes(w, L;©) > —sup t > 0:supw (By(a, L)) < ——— ;. (40)
2 acA 4 (]. + I}lp>

(i1i) Total variation distance:

1 1
RBayes(waL; 9) > - sup t>0: sup w (Bt(a7 L)) <3- I}lp : (41)
) 2 acA 2

(iv) Hellinger distance: If I}lp <1—1/v2, then we have

1 1
Riayes(w, 1;0) > —sup 4 ¢ > 0 supw (Bia, L)) < 5 — (1= 1)y [1» (2= 17) £ (42)
2 acA 2

Proof [Proof of Corollary 12]

Inequality (39) involving KL divergence: Suppose f(z) = xlogz so that D;(P||Q) =
D(P||Q) equals the KL divergence. Then the function u¢(x) in (31) has the expression for
all x > 0,

1 1
up(z) =inf {1/2<b<1:b(1—b) <e */4} = 3 + 3 1—e 22,

The elementary inequality /1 —a < 1 — a/2 gives for all x > 0,
” . 1 —2z
f(%) <1 46 .

Inequality (32) reduces to the desired inequality (39):

1 1 _9pm
RBayes(w, L; ©) > — sup {t >0:supw (Bi(a, L)) < =e 2pr} .
2 acA 4

The proof of the Bayes risk lower bounds for the other three f-divergences are similar
and thus we only present the form of u¢(z). Inequality (40) involves chi-squared divergence
with f(z) = 22 — 1. Therefore, we have for all 2 > 0,

(1 —2b)? } L1 e 1

DR AL T R Tk

up(x) = inf{1/2 <b<1:
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Inequality (41) involves total variation distance with f(z) = |z — 1|/2. Then
1
up(r) =inf {1/2<b<1:[1—2b] > 22} = 5t

Inequality (42) involves Hellinger divergence with f(z) =1 — /2 and thus

Uf($):inf{1/2§b§1:17\/Wf\/(lfb)/2>:c}

1 ifz>1-1/v2
B s+ (1—2)y/z(2—2) ifz<l-1/V2.

Remark 13 A special case of Corollary 12(i) appeared as Zhang (2006, Theorem 6.1). To
see that Zhang (2006, Theorem 6.1) is indeed a special case of (39), note first that (39) is
equivalent to

1 1
R L;9)> - t>0:inf ————— > 21" +log4 ;. 43
Bayes(w, L; ©) > 28up{ >0 B + log } (43)
Here I is any upper bound on the mutual information. One such upper bound on the
mutual information is

. /@ /@ DBy Pe)u(de)w(do) (44)

That I"P is an upper bound on the mutual information can be seen for example by using
concavity of the logarithm (46) when the family {Q¢, & € Z} is chosen to be the same as
{Py,0 € ©}. Using (44) in (43), we obtain

1 1
RBayes(w, L; ©) 5 sup {t >0 ggf w(Bi(a. 1) > 2/ / D(Py|| Pe)w(dé)w(db) + log4}

If we now specialize to the setting when the probability measures {Py,0 € O} are all n-
fold product measures i.e., when each Py is of the form By for some class of probabilities
{PBy, 0 € O}, then the inequality becomes

1 ) 1
Rpayes(w, L; ©) > 5 Sup {t >0: ;Ielﬁtm > QH/G/G)D(‘BQH‘BS)w(df)w(d@) —|—10g4}.

This inequality is precisely Zhang (2006, Theorem 6.1).

5. Upper Bounds on f-informativity and Examples

Application of Theorem 9 requires upper bounds on the f-informativity I¢(w;P). This
is the subject of this section. We focus on the power divergence f, for a > 1 which
includes the KL divergence and chi-squared divergence as special cases. Recall that in the
comment /paragraph below Corollary 7 (see also Section A.5 in the appendix), we provided
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motivation for restricting our attention to such divergences as opposed to e.g., Hellinger
distance.

We assume that there is a measure p on X that dominates Py for every § € ©. None of
our results depend on the choice of the dominating measure u.

When the f-informativity is the mutual information, Haussler and Opper (1997) have
proved useful upper bounds which we briefly review here. Let P and {Q¢, & € Z} be
probability measures on X having densities p and {q¢, £ € Z} respectively with respect to
i. Let v be an arbitrary probability measure on = and @ be the probability measure on
X having density § = [= qev(d€) with respect to p. Haussler and Opper (1997) proved the
following inequality

D(PIQ) < ot  [Lexp (-DIPIQe)ae) ) (45)
Now given a class of probability measures {Py,f € ©}, applying the above inequality for
each Py and integrating the resulting inequalities with respect to a probability measure w
on O, Haussler and Opper (1997, Theorem 2) obtained the following mutual information
upper bound:

rw.P) < - [ 1og [ e (-D(RIIQ) 1a6) ) wia0) (46)

In the special case when = = {1,..., M} and v is the uniform probability measure
on =, we have Q = (Q1 +...+Qn) /M and inequality (45) then becomes D(P||Q) <

—1og (4 XL, exp (~D(PI|Q;)) ) - Because 211, exp(~D(PQ;)) = exp (~ min; D(P]Q;)),
we obtain B
D(P|[Q) <log M + min D(P|Q;).

Inequality (46) can be further simplified to

Itw.P) <log M+ [ min D(Pi|Q,)u(d0). (47)

This inequality can be used to give an upper bound for f-informativity in terms of the KL
covering numbers. Recall the definition of Mk (¢, ©) from (12). Applying (47) to any fixed
€ > 0 and choosing {Q1,...,Qu} to be an e>-covering, we have

I(w,P) < inf (log Mici (¢, 0) + ). )

When w is the uniform prior on a finite subset of O, the above inequality has been proved
by Yang and Barron (1999, Page 1571). If Mgy (e, ©) is infinity for all €, then (48) gives
oo as the upper bound on I(w,P) and thus (39) will lead to a trivial lower bound 0 for
Rpayes- In such a case, one may find a subset © c O for which Mk (€, é) is bounded and
contains most prior mass. If @ denotes the prior w restricted in ©, then it is easy to see
that RBayeS(ui, L;0) > w((:))RBayeS(zD, L; é) Then we can use (39) and (48) to lower bound
RBayes(wv L? @) .

In the next theorem, we extend inequalities (45) and (46) to power divergences corre-
sponding to f, for a ¢ [0,1]. We also note that in Appendix B.2, we demonstrate the
tightness of the bound (49) in Theorem 14 by a simple example.
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Theorem 14 Fiz o ¢ [0,1] and let fo € C be as defined in Section 2. Under the setting of
inequalities (45) and (46), we have

—

B 1
D;.(PI|O) < [ L (Dr.(PliQe) + M=o (dg)] 1 (49)
and

11—«
nwr s | [ [ . mlie) + 10 <d5>] w(dh) — 1. (50)

To prove Theorem 14, the following lemma is critical (the proof of this lemma in given
in Appendix B.1).

Lemma 15 Fix r < 1. Let p be a probability measure on the space T and let S :={u:

T — Ry :ue Ly(T)}. Then the map f: S — R defined by f(u = (fpult )l/r )
concave in u.

1/r
Note that the discrete version of Lemma 15 states that f(u) = (ZZ LU /M) is a concave

function of u € ]Rf when r < 1.
In fact, since we will apply this lemma to prove Theorem 14 with r = ﬁ, the condition
r < 1 in Lemma 15 translates into o ¢ [0,1] in Theorem 14. We are now ready to prove

Theorem 14.
Proof [Proof of Theorem 14|
By the identity that Dy, (P||Q) = Dy, (Q||P), we have

—Q

D1.(PIQ) = Dy (@IIP) = | p( (dg)du> L
1

a¢
b
1—-a) -«
[ s [ ] pd§)du| -1
X

Let u(§,x) = (f) . Since L <1 when a ¢ [0,1], Lemma 15 implies that u(¢, z) —
—a)

(Jzu

(1

[1]

v(d¢ )) ~%is concave in wu. Applying Jensen’s inequality,
11—«

Dy, (PIQ) < —1

T
| —— |
T
=S
VR
SHEES
N————
T
0
o.
=
| I
—
~
=
2
—~
ol
o

( | 1D @ell) <d§>)1_a— 1

This completes the proof of (49) because Dy, (Q¢||P) = Dy, (P||Q¢). The proof of (50)
follows by applying (49) for P = Py and then integrating the resulting bound with respect
to w(d#). [ |

For a > 1, one can deduce an upper bound analogous to (48) for the f,-informativity
which is described in the next corollary. Recall the notion of the covering numbers M, (e, ©)
from Section 2.
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Corollary 16 For every a > 1, we have

It (w,P) < igg(l + ) My(e,0)> 1 — 1. (51)

In particular, when Dy, is the chi-square divergence, Corollary 16 implies

Le(w,P) < 225(1 +*)M,2(e,0) — 1. (52)

Note that Corollary 16 gives trivial bound when M, (¢, ©) equals oo for all € > 0. This can
be handled in a way similar to that outlined in the discussion after (48).
Proof [Proof of Corollary 16]

Let Q1,...,Q be probability measures on X and fix § € ©. Inequality (49) applied to

P =Py, Z:={1,..., M} and the uniform probability measure on = as v gives
M l1-a
Dy, (Pol|@) < Mo™H |3 (1 + Dy, (Pol|Q;)) /=) L
j=1

We now use (note that o > 1)

M

> 1+ Dy (Pl @)Y > maxi<jcnr(1+ Dy, (Ppl| @)/ 1)
j=1

= (1+mini<jcp Dy, (PallQ;) 0.
This gives
Dr(PIQ) < Mo (14 min Dy (RIQ)) -1

We now fix € > 0 and apply the above with {Q1,...,Qar} taken to be an e?-cover of ©
under the f,-divergence. We then obtain

Dy, (PolQ) < inf(1 -+ €)Ma(e, )7 — 1.

The proof is complete by integrating the above inequality with respect to w(d6).
|

We now turn to applications of the Bayes risk lower bounds in Corollary 12 and the infor-
mativity upper bounds in this section. We present a toy example here and postpone more
complicated examples (e.g., generalized linear model, spiked covariance model, Gaussian
model with general prior and loss) to Appendix C.

Example 1 (Gaussian model with uniform priors on large balls) Fiz d > 1. Sup-
pose © = A CR? and let L(0,a) := ||0 — a||3. For each § € RY, let Py denote the Gaussian
distribution with mean 0 and covariance matriz 021,y (02 > 0 is a constant). Let w be
the uniform distribution on the closed ball of radius T centered at the origin. Let T' > ov/d.
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We will show below how to obtain the tight Bayes risk lower bound using Corollary 12 along
with the f-informativity upper bound in Corollary 16.

We can assume that © (and A) is the closed ball of radius T centered at the origin as w
puts zero probability outside this ball. We use the inequality (40) induced by the chi-squared
divergence. To establish the lower bound, we need to upper bound sup,c 4 w(Bi(a, L)) and the
chi-squared informativity. The former can be easily controlled because sup,ec 4 w(By(a, L)) <

(ﬁ/F)d. For the latter, we use (52), which requires an upper bound on M,2(¢,©). Note
that x*(Py|| Py ) = exp (||0 — 0'||2/0?) —1 for 6,0' € ©. As a consequence, x*(Py||Py) < € if
and only if |0 — 0|2 < € := o+\/log(1 + €2). Therefore, by a standard volumetric argument,

we have

d
F—I—e’/2>d <3F>d 3r
Mpe(e0) < (L) <(2) = [ ——2
w(6©) < €'/2 ¢ oy/log(1 + €?)
provided € < T. In particular, if we take € :== Vel — 1, then ¢ = ov/d < T, we will obtain
d
M,2(e,0) < (3T'/(0V/d))?. Inequality (52) then gives La2(w,P) < <3eF) — 1. Let I}lp be

ovd
the right hand side. If we choose t = cdo? for a sufficiently small constant ¢ > 0, then we

have sup,e 4 w(Bi(a, L)) < $(1+ IfuP)_l. Inequality (40) then gives

Rpayes(w, L; ©) > cdo?. (53)

This lower bound is tight due to the trivial upper bound Rpayes(w,L;©) < dmin(o?,T?)
since Rpayes(w, L; ©) is smaller than the risk of the constant estimator 0 as well as the
trivial estimator of the observation itself.

This example allows us to compare the bound given by Theorem 9 for different f € C.
We argue below that using KL divergence and applying (39) along with inequality (48) for
controlling the mutual information will not yield a tight lower bound for this example. In
other words, the same strategy that works for f(z) = x> —1 does not work for f(x) = xlog .
To see this, notice that D(Py||Py) = || —0'||?/a? for 0,0' € ©. As a result, D(Py||Py) < €
if and only if |0 — 0'|| < V2eo. The same volumetric argument again gives My (e, ©) <
(i)d provided \/2eo < T. The bound (48) implies that the mutual information I(w,P)

V2eo
1s bounded by

3 3r d
I(w,P) < inf dlo —|—€2> =dlo <) + —.
( ) 0<€§F/(\/§€0') ( & (\/iéO’) & O'\/(j 2

Let I}lp be the right hand side above. The mazimumt > 0 for which (v/t/T')¢ < X exp (721}110)

is on the order of d*c*/T'2. This means that inequality (39) implies a weaker lower bound
Q(d?0* /T'2), which is suboptimal when do? is small or when T is large. This is in contrast
with the optimal bound (53).

In the above example, a direct application of Theorem 9 with f(z) = zlogx does not pro-
duce a tight lower bound. This is mainly because, when the prior is over a large parameter
space (e.g., a ball of a constant radius), the upper bound of mutual information over the en-
tire parameter space © in (48) could be too loose. This can be corrected by partitioning the
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parameter space © into small hypercubes, and applying our bounds for the prior restricted
to each hypercube separately so that the mutual information inside the partition can be
appropriately upper bounded using (48). This is another illustration of the idea described
in Remark 11. We first describe this method in a more general setting in the following
corollary and then apply it to the setting of Example 1. We use the following notation. For
measurable subsets S of a Euclidean space, Vol(S) denotes the volume (Lebesgue measure)
of S.

Corollary 17 Let © = A C R?. Suppose that the prior w has a Lebesgue density f., that
is positive over ©. For each 8 € © and § > 0, let

fw(el)
fw(92)

Suppose also the existence of A > 0 such that D(Py, ||Pa,) < A|61 — 02]|3 for all 61,05 € ©
and the existence of V> 0 (which may depend on d) and p > 0 such that sup,e 4 Vol(Bi(a, L)) <
V4P for every t > 0. Then

rs(0) := sup{ :0; € © and ||0; — 0|2 < Vd6 fori:1,2}.

RBayes(wv L; @) Z

N =

p/d
su e 2PgP —p/d 1 w '
0<6§Ap—1/2 [ o"(8V) /e <T5(9)> (d9)] (54)

The proof of Corollary is quite technically involved and thus is deferred to Appendix
B.3.

We demonstrate below that this corollary yields the correct rate in Example 1. More
examples (e.g., estimation problem in generalized linear model, spiked covariance model,
and Gaussian model with a general loss) are given in Appendix C.

Example 2 (Gaussian model with uniform priors on large balls (continued)) Consider
the same setting as in Ezample 1. Because D(Py||Py) = ||6 — 6']|3/(20?), we can take
A = (20%)71 in Corollary 17. Moreover, because L(0,a) = ||6 — a||3, it is easy to see that
Supge 4 Vol(By(a, L)) < t%2Vol(B) which means that we can take p =2 and V = Vol(B) in
Corollary 17 where B is the unit ball in RY. Finally, because w is the uniform prior, we
have r5(0) =1 for all € ©. Corollary 17 therefore gives
1

RBayes(w, L; ©) > = sup (6_48_2/d52V01(B)_2/d> .
2 0<6<V20
This matches the tight lower bound (53) by noting that Vol(B)Y/4 =< d=1/2.

6. Smoothed Analysis for Spherical Gaussian Mixture Models with
Uniform Weights

Smoothed analysis is a useful technique for analyzing algorithms that fail in the worst case
but succeed with high probability in the average case. For parameter estimation problems,
smoothed analysis assumes that the parameter to be estimated is randomly perturbed
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by a small noise, and the data is generated with respect to the perturbed parameter as
well. Under this setting, if the set of “bad” parameters that fail the estimator has zero
measure, then the estimator will succeed almost surely after the perturbation. Smoothed
analysis has been successfully applied to analyze linear programming (Blum and Dunagan,
2002; Dunagan et al., 2011; Hsu and Kakade, 2013; Spielman and Teng, 2003), integer
programming (Roglin and Vocking, 2007), binary search trees (Manthey and Reischuk,
2007), and other combinatorial problems (Banderier et al., 2003). See the paper by Spielman
and Teng (2003) for a survey of existing works.

In this section, we use smoothed analysis to study an important problem in statistical
estimation: learning mixture of spherical Gaussians. The problem of computing the maxi-
mum log-likelihood estimator is NP-hard (Arora and Kannan, 2005). However, if the true
parameters are perturbed by a random noise, then we demonstrate that a variant of the
polynomial-time algorithm proposed by Hsu and Kakade (2013) succeeds in estimating the
Gaussian means. We present an upper bound on the algorithm’s mean-squared error using
smoothed analysis, which achieves a better rate than the original algorithm of Hsu and
Kakade (2013). Furthermore, we apply the Bayes risk lower bound developed in this paper
to show that, the mean squared-error achieved by this algorithm is unimprovable, even un-
der smoothed analysis. To the best of our knowledge, the lower bound cannot be established
by traditional information-theoretic techniques for lower bounding minimax risks.

6.1 Learning Mixture of Gaussians

We study estimating the parameter of a Gaussian mixture model (GMM). The parameter
of a GMM is a d-by-k matrix 6 := (y,...,0;). Each §; € R? represents the mean of the
i-th mixture component. We assume that the number of components k is much less than
the dimensionality d. Suppose that n i.i.d. instances {x;}!' ; are sampled from the GMM
with each x; € RY. Equivalently, it is generated by the following procedure: First, an
integer z; is uniformly sampled from {1,...,k}. This integer is called the membership of
the 4-th instance!. Then, the vector z; is drawn from the spherical Gaussian distribution
N(0,,; Iixa). The goal is to estimate the parameters 6.

Information theoretically, the GMM model is learnable if the Gaussian means are well
seperated. Let D represent the minimum distance between two distinct component means.
Vempala and Wang (2004) show that, as long as D > C for C being a sufficiently large
constant, the estimation error on @ scales as O(n~1/2). However, the algorithm achieving
this rate has O(k*) time complexity. When the mutual distance D is large enough, there
are poly(n, d, k)-time algorithms to estimate the model parameters. In particular, Dasgupta
(1999) presents an algorithm for D = Q(v/d). Arora and Kannan (2005) and Dasgupta and
Schulman (2000) present algorithms for D = Q(d'/*). Vempala and Wang (2004) reduce
this distance lower bound to Q(k'/*). However, designing poly(n, d, k)-time algorithm for
Q(1)-separated GMMs is a long-standing open problem.

Hsu and Kakade (2013) proposed a method that does not need the well-separation
condition. The only assumption is that {61, ..., 60} are linearly independent. Let oy > 0
be the smallest singular value of the matrix #. Their algorithm runs in poly(n, d, k)-time

1. For simplicity, we focus on the case when all mixture components have equal weights, but our argument
can be easily generalized to the case of non-uniform weights.
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and achieves the following bound for estimator 0:

~ ly(d, k,1/0min) log(1/d
6 —6]%=0 (po y(d, b 1/0win) log(1/ )> with probability at least 1 — 4. (55)
n
Here, || - || denotes the matrix Frobenius norm. In general, we cannot guarantee that

Omin > 0. However, if we add a small perturbation on the true component means, then
the assumption is satisfied almost surely. More precisely, we assume that there is a matrix
0* € R¥F 5o that each entry of matrix 6 is sampled from 6;; ~ N (075 p?). The following
lemma lower bounds the smallest singular value.

Lemma 18 (Ge et al. (2015), Lemma G.16) Let 0* € R¥* and suppose that d > 3k.
If all entries of 0* are independently perturbed by N (0, p?) to yield matriz . For any e > 0,
with probability at least 1 —c1(coe)?, the smallest singular value of matriz 0 is lower bounded
by:

Omin > ep\/g.

Here, c1,co are universal constants.

We choose €,p ~ n™¢ for a sufficiently small ¢ > 0, then the perturbation diminishes to
zero, and if omin > €pV/d holds, then the right-hand side of equation (55) converges to zero
at a polynomial rate as n — oo. Lemma 18 implies that the probability of this event is
at least 1 — O(n~°?). Thus, with high probability, the estimator 0 is consistent under the
smoothed analysis.

The convergence rate of the estimator f can be improved if we add a mild assumption
that D = 6( log(nk)). Although the main focus of the paper is on lower bounds, the upper
bound result on the estimation of @ in learning mixture of Gaussians is of its independent
interest. To obtain the upper bound on E[||§ — 0||%], we first establish the following lemma:

Lemma 19 Let the mutual distance satisfy D > c1y/log(nk/d) > 3 for a sufficiently
large constant c¢1. With probability at least 1 — 0, the inequality ||z; — 0|2 — ||zi — 0,2 >
co(dlog(nk/8))~'/2 holds for a constant cy > 0, for any i € [n] and any j € [k]\{z}.

The proof of this technical lemma is relegated to Appendix D. Lemma 19 shows that
with high probability, the distance of a random sample to its true component mean is
significantly less than the distance to any other means. Let @\] represent the j-th column
of . When the sample size n is sufficiently large, the method of Hsu and Kakade (2013)
guarantees that ng — 0|2 < o((dlog(nk/8§))~/2) for any j € [k]. Thus, Lemma 19 implies
that the distance of x; to gzl is smaller than the distance to any other estimated centers.
As a consequence, we may recover the membership of instances by computing the center
that is the closest to them. R

z; = argmin ||lz; — 0|2
JElk]

According to Lemma 19, with high probability we have z; = z; for any i € [n|. Given the
membership, we refine the mean estimates by:

~ Dizi—j Ti

0; ¢« —————.
T i zi= )

26



ON BAYES RISK LOWER BOUNDS

Since the membership is uniformly assigned, with high probability the sample size of the
J-th Gaussian component is lower bounded by 5. Thus, with high probability the squared
error of (/9; will be upper bounded by O(dk/n). Since there are k components, the overall
squared error is bounded by O(dk?/n). Putting pieces together, we have an upper bound
on the mean-squared error of parameter estimation.

Proposition 20 Suppose that d > 3k and n is greater than a fixed polynomial function of
(d,k,1/p). Let the true parameter 0 be p-perturbed from an arbitrary matriz 0* € Rk, In
addition, assume that the distances between the columns of 6* are at least D = cy/log(nk)
for some universal constant c. Then there is a universal constant C such that the estimator
0 described above achicves mean-square error:

~ Cdk?
B6 - o)/} < =

6.2 Minimax Risk of Smoothed Analysis

In this section, we formalize the notion of minimax risk under smoothed analysis. Similar to
the classical statistical setting, the minimaz risk under smoothed analysis can be defined in
a game theoretic way. The learner first chooses an estimator 6, then the adversary chooses
a parameter 0* from the parameter space ©, which is randomly perturbed to form the true
parameter 6. The data X is generated with respect to 6. Under this random perturbation
framework, the minimax risk is defined as:

~

Rrinimax := H}\f sup E@[L(G(X)79)] (56)
6 0*€O

where L(-,-) is the loss function. In our GMM application, the parameters are the means of
mixture components. The parameter space is the set of means whose mutual distances are
lower bounded by D. The true parameter is generated by a random Gaussian perturbation
with variance p?. The loss is the Frobenius norm of the difference of matrices.

We note that the minimax risk (56) differs from the classical notion of minimax risk in
that the adversary is not able to explicitly choose the true parameter 6. Instead, the true
parameter is sampled from a prior distribution parametrized by #*. This Bayes nature makes
it hard to lower bound the minimax risk (56) using the traditional Le Cam’s or the Fano’s
method. In particular, both the Le Cam’s method and the Fano’s method lower bound
the minimax risk by assuming a uniform prior over a carefully constructed discrete set.
However, in our GMM setting, the prior distribution of parameter 8 is always continuous.

Our Bayes risk lower bound naturally fits into the setting of smoothed analysis. Let
w* be an arbitrary prior distribution over *. Since 0 is perturbed from 6*, the prior w*
induces a prior w over . It is easy to see that the Bayes risk with respect to w is a lower
bound on the minimax risk (56). Thus, it suffices to lower bound the Bayes risk:

~

RBayes(w7 L; ®> = lllf Egw [L(G(X)v 9)]
0

For the GMM example, we construct the prior distribution w* as follow: the j-th column
of 6%, namely the vector 9;'»‘ € R%, is sampled from the normal distribution N (Dejs Igxa),
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where e; is the unit vector of the j-th coordinate. As a consequence, the prior distribution
w samples the j-th column of # from the normal distribution N(De;; (1 + p*)Iixq)-

In the GMM setting, the membership variables z; are unknown to the estimator. If we
assume that the memberships are given to the estimator, it makes the problem easier so
that the associated Bayes risk is a smaller than or equal to the original Bayes risk. Since
we want to derive a lower bound, we make the assumption that the memberships are given,
then partition the instances into k£ disjoint subsets according to their memberships. Let the
Jj-th subset S; be defined as Sj := {x; : z; = j}. Conditioning on the memberships, the
distributions of {(0;,S; )}] 1 are mutually independent. Thus, we have

k k
Riayes(w, L; ©) > Z inf Bojn, [L05(5), 1)) 2 3UEinf oo, [D05(5)). 0.l (57

where w; is the prior distribution N(Dej; (1 + p?)I4xq) and n; is the cardinality of S;.
We focus on the inner term on the right-hand side, namely inf@_ Eg,~w; [L(05(55), 05)|n4],
and find that it is the Bayes risk of Gaussian mean estimation with n; i.i.d. samples, with
the true parameter 0; satisfying a Gaussian prior w;. This Bayes risk can be easily lower
bounded by the techniques that we develop in this paper.

Lemma 21 Suppose that the standard deviation of normal perturbation p <1 and n; > 1.
For a universal constant c, the Bayes risk is lower bounded by

Rpayes(wj, nj) 1= inf Bo; n, [L(0;(S5), 05)Ing] = .
5, j
Proof [Proof of Lemma 21|
We denote the distribution of instances in S; by Fp, and let P be the set of such
distributions. Since the support of w; is R?, we start by defining a prior whose support is

an Fuclidean ball of radius I' := v/2d. Let w be the truncated prior satisfying:

W) = { wj(z)/c1 if ||z — Dej|la <T
0

otherwise.

The normalization factor ¢; is equal to the total mass of w in the ball {x : || — De;|l2 <T'}.
It is straightforward to verify that the radius I' is sufficiently large so that ¢; is lower bounded
by a universal constant. The prior w can be viewed as restricting the original prior in a
finite radius. According to Remark 11, we may lower bound the Bayes risk by

RBayes(wj7 nj) > RBayes (@7 nj)-

Thus, it suffices to lower bound the second term on the right-hand side.

We follow the similar steps of Example 1 to establish the lower bound. We start by
upper bounding the terms sup,c 4 W(B¢(a, L)) and the chi-squared informativity I, 2(w, P).
Using definition of the multivariate normal distribution, it is easy to see that

_ L , V(VY)
Sggw(Bt(aa L)) =w(Bi(Dej, L)) < 1 2n (11 )2
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where V(v/t) represents the volumn of the Euclidean ball of radius v/t. Thus, there is a
universal constant ¢z such that sup,e 4 W(Bi(a, L)) < (cav/t/T)%. On the other hand, we
follow the same steps of Example 1 to upper bound the chi-square informativity. Note that
our setup has n; i.i.d. observations, but in Example 1 there is only one observation. In this
generalized setup, the chi-square distance x?(Py||Py) is equal to exp (n;[|0 — 0'|3/0%) —
1. Plugging this formula into the argument of Example 1, we obtain the upper bound
Le(w,P) < (3el'y/n;/d)? — 1.

Let I}lp be the obtained informativity upper bound. If we choose t = cd/n; for a suffi-
ciently small constant ¢ > 0, then we have sup,e 4 W(By(a, L)) < $(1 +I}‘p)—1. Corollary 12
then gives Rpayes(W, n;) > cd/n;. [ |

Combining inequality (57) and Lemma 21, we have

5 cdk
RBayes(w, L; ©) > Z—n i <2n/k).
7j=1
Recall that every n; satisfies a binomial distribution B(n,1/k), which has median |n/k] or
[n/k], thus the probability P(n; < 2n/k) will be at least 1/2. It implies that the Bayes risk
is lower bounded by €(dk?/n). Putting pieces together, we have the following lower bound

on the minimax risk.

Proposition 22 Assume that the standard deviation of normal perturbation p < 1, then
for some universal constant ¢ the minimax risk of smoothed analysis is lower bounded by

dk
Rminimax = ¢5—

Comparing proposition 20 and proposition 22, we find that both the upper bound and
the lower bound are tight. More precisely, under the assumptions of proposition 20, the
minimax risk of smoothed analysis is precisely on the order of dk?/n.

7. Bayes Risk Lower Bounds for Sparse Linear Regression

Linear regression is a canonical problem in machine learning and statistics. For a fixed
design matrix X € R™? and an unknown parameter § € R%, the learner observes a noise-
corrupted response vector y = X6 + ¢, where ¢ satisfies an isotropic normal distribution
N (0,0 Idxd) The goal is to take the response vector as input and find an estimator
9 € R for the true parameter #. The risk is measured either by the estimation error
Lest(0,6) := |16 — 0|3, or by the prediction error Ly (0, 9) := || X6 — X0||3. Both errors will
be studied in this section.

For high-dimensional linear regression, the dimension d can be much greater than the
sample size n. In order to prevent over-fitting, one needs to impose structural assumptions
on the true parameter, for example, assuming that the the number of non-zero entries in
vector 6 is at most k (k < d). Formally, we use Bo(k) to represent the set of k-sparse vectors
in R?, and assume that § € Bo(k). Under this setting, we want to compute an estimator
6 € R? to minimize the estimation error or the prediction error. Note that the estimator 6
does not need to be k-sparse. Hence, our theoretical framework includes improper learners
which are allowed to output non-sparse estimates whenever they achieve small risks.
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The minimax risks of sparse linear regression have been well-studied. Under the same
problem setting, Raskutti et al. (2011) proved information theoretic lower bounds on both
the estimation error and the prediction error. Certain lower bounds have also been proved
under the computation tractability constraint Zhang et al. (2014), or proved for the family
of regularized M-estimators Zhang et al. (2015). All these lower bounds handle the worst-
case scenario — given an arbitrary estimator, they prove the existence of a parameter 6
that attains the lower bound. This setting might be too pessimistic in practice. The goal
of this section is to study the Bayes risk of sparse linear regression under a natural prior,
whose construction is described in the next subsection.

7.1 Prior Definition and Assumptions

We define a prior over k-sparse d-dimensional vectors for the true parameter € RY, referred
to as distribution w, as follows:

1. Uniformly sample a subset of k indices from the integer set {1,2,...,d}, naming this
subset by K.

2. For every index ¢ € K, the coordinate 0; is generated by sampling from the normal
distribution N(0,72). For any i ¢ K, define 6; := 0.

Given an index set K, we use 0 as a shorthand notation to denote the coordinates of
the vector § € R? whose indices belong to the set K. Similarly, we use 6_g to denote the
subvector whose indices are not in K. Then the the second step of the above generative
process can be rephrased as generating 0 ~ N (0, 7211 1) and defining 6_x = 0. It is clear
that the sampled 6 belongs to the k-sparse o-ball By(k) := {6 € R?: [|6]lo < k}.

One may consider variants of the the prior defined above. For example, one can assume
that the number of non-zero entries of the vector # is not exactly equal to k, but random
sampled from a Poisson distribution with mean k. One may also redefine the prior of non-
zero entries to be a non-Gaussian distribution. However, these variants don’t add essential
technical challenge to the analysis, thus we focus on the the prior w as a concrete example
for illustrating the general idea.

We make an additional assumption on the design matrix X that is important for charac-
terizing the minimax risk (see, e.g. Raskutti et al., 2011), and in this section, we study their
effects on the Bayes risk. Specifically, the design matrix X satisfies the sparse eigenvalue
conditions with parameter (k,, k¢) if:

1 X 5]l
Jn

Here, both k, and K, are positive constants. As a concrete example, if entries of the ma-
trix X are i.i.d. sampled from a normal distribution, then the matrix is called a Gaussian
random design. This type of matrices have been extensively studied for sparse linear re-
gression (Candes et al., 2006; Guédon et al., 2008), and proved to satisfy condition (58)
with k,/ke = O(1) (Raskutti et al., 2010). For the rest of this section, we assume that the
design matrix X satisfies the condition (58).

kellBll2 < < ky||Bll2 for any (2k)-sparse vector 3 € R (58)
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7.2 Bayes Risk Lower Bounds

For sparse linear regression, we denote the parameter space and action space by © = By (k)
and A = R?, respectively. We present a Bayes risk lower bound with respect to the prior
distribution defined in Section 7.1, then demonstrate its consequences.

Theorem 23 Assume that the design matriz X satisfies the sparse eigenvalue condition (58),
and that d > k3. There are universal constants ¢, ¢’ > 0 such that for any T > 0, we have
Bayes risk lower bounds: Rpayes(Ww, Lest; ©) > ¢ T(7) and Rpayes(w, Lpre; ©) > ¢” K?T(T),
where T(7) is a term defined by

T(7) := kr? max {W, exp < - 4/;%212 [7'2 - W] +) } (59)

The proof of Theorem 23 follows the general strategy that we sketched in earlier sections:
first, we bound the mutual informativity using the techniques described in Section 5, then
we upper bound the probability sup,c 4 w(Bi(a, L)) for a specific scalar ¢ > 0. Combining
the two upper bounds with Corollary 12 establishes the theorem. See Appendix E for the
proof. We make a few important remarks of this result in the below.

Estimation versus prediction By Theorem 23, the lower bounds on the estimator error
and the prediction error differ by a factor nf. As a consequence, if we multiply a constant
to the design matrix, then the term /@? will also be scaled. If the scalar is very small,
then the lower bound on the prediction error will be close to zero, but the lower on the
estimation error won’t. These are the right scaling for both risks. Indeed, when the design
matrix converges to an all-zero matrix, the true parameters will be hard to identify, but the
constant estimator § = 0 will be able to achieve a small prediction error.

Comparison with minimax risk lower bounds It is worth comparing Theorem 23
with the well-studied minimax risk lower bound. Under the sparse eigenvalue condition (58),
Raskutti et al. (2011) proved the follow minimax risk lower bound:
2 2 2
inf max E[Lex(6,0)] > c'%g(d/k) and inf max E[Lpre(e,g)} > CIIM
9 0€Bo(k) Kyn 9 0€Bo(k) Komn
(60)

)

where ¢ and ¢’ are universal constants. These bounds are matched by Theorem 23. In
particular, if we assume d > k2 and consider the prior distribution with variance:

22— (72 — "'Qk’g(d/k’)> 7 (61)

o 16K2n
then expression (59) implies 7'(7) = k72, and as a consequence, we have

2klog(d/k)

252k log(d/k
RBayes (wa Legt; 6) > d 7 " W—Og(/)

and RBayes(wa Lpre; @) > 2n
U

62
o - (©2)

where ¢ and ¢” are universal constants. The minimax risk lower bounds (60) and the Bayes
risk lower bounds (62) thus match by a universal constant factor. Therefore, using our
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technique, we can directly obtain this classical minimax result on sparse linear regression.
It is worth noting that the lower bounds of Raskutti et al. (2011) were proved by constructing
a uniform prior over a discrete packing set over the parameter space. The existence of the
proper packing set was proved in a non-constructive, worst-case fashion, which might be
too pessimistic in practice. In contrast, our lower bound was established for a realistic and
flexible prior which admits a simple closed-form definition and allows for different levels of
variance. The theorem also shows that the prior w with the variance level (61) is in fact a
least favorable prior for sparse linear regression.

Bayes risk on the spectrum of priors Besides the least favorable setting (61), let us
consider the Bayes risk under other choices of the parameter 72. When 72 < 72, Theorem 23
implies

Rpayes(w, Lest; ©) > k2 and Rpayes(w, Lpe; ©) > ¢ /fng (63)

When 72 — 400, Theorem 23 implies

2
" neka

RBayes (w> Lest; @) > and RBayes (w7 Lpre§ @) >c

— 64
KZn K2n (64)
In both cases, the Bayes risk lower bounds can be significantly smaller than the minimax
risk. We argue that these lower bounds are essentially tight under specific assumptions.
That is, when taking the prior information into account, we can indeed achieve better rates
than the minimax rate.

First, notice that the upper bound:
Egw|[Lest(0,0)] < kr® and  Egoy[Lest(0,0)] < k2k7>.

can always be achieved using the constant estimator § = 0. Tt means that for the case of
72 < 72, the lower bounds (63) are tight under the assumption &, /k; = O(1).
For the case of 72 — 400, we consider the ¢y-norm constrained estimator:

9—argﬁmf IX8 = yll3- (65)

Whenever r,/k¢ = O(1), Raskutti et al. (2011) showed that the estimator (65) achieves an

error bound H§ -3 <ec k;lng(d) with high probability for a constant ¢ > 0. Suppose that

7 =C klng(d) with a scaling factor C' > ¢. For any ¢ € K, the expectation of 0? is equal

to 72, so that the probability of 67 < cklng(d) is bounded by O(c¢/C). It means that by

choosing a large enough C (specifically, choosing C' > ck), the lower bound 92 >c klog(d)

will hold for every i € K with a probability close to 1. Combining this fact Wlth the bound
||9 0|3 < klog klog(d) e find that the support of @ must agree with K, so that the estimator
must satlsfy.
i = arg inf | XxB —yl3 and O_x =0,
BERK

where X is a submatrix of X consisting of columns indexed by K. In other words, the
vector O is the least-square estimator for a k-dimensional linear regression problem. For
estimators taking this form, both the estimation error and the prediction error are known
to match the lower bound (64) with high probability.
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8. Conclusions

In this paper, we presented lower bounds for the Bayes risk in abstract decision-theoretic
problems. Our bounds are quite general and only require upper bounds on sup,¢c 4 w(B¢(a, L))
and the f-informativity Ir(w,P) for their application. Because of the generality, the bounds
are not always tight however. For example, the bounds involve sup,c 4 w(B(a, L)) and this
quantity becomes large when the prior w has a spike. In such situations, our main Bayes
risk lower bound in Theorem 9 will not be tight. In specific examples, this looseness can
be remedied by adhoc fixes such as the one described in Remark 11. Obtaining tight lower
bounds for the Bayes risk in the generality considered in this paper is a challenging open
problem.
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Appendix A. Proofs and Additional Results for Section 3 on Bayes Risk
Lower Bound for Zero-one Loss

A.1 Proof of Lemma 1

Recall the expression (13) of ¢¢(a,b). We first fix b and show that g(a) : a — ¢¢(a,b) is a
non-increasing for a € [0,b]. There is nothing to prove if b = 0 so let us assume that b > 0.
We will consider the cases 0 < b < 1 and b = 1 separately. For 0 < b < 1, note that for

every a € (0,b], we have,
a 1—a
dila) = 11.(3) =t (1 _b> ,

where ¢} and f] represent left derivatives and f} represents right derivative (note that f]
and [} exist because of the convexity of f). Because § < % for every 0 < a < b and f is

convex, we see that
1—a
/ < f! (9) o <
gr(a) < fr b Ir 1—b <0

for every a € (0, b] which implies that g(a) is non-increasing on [0, b].
When b = 1, we have g} (a) = f}(a) — f'(c0) which is always < 0 because f is convex

(note that f/(00) = limgee f(x)/2 = limppeo (f(z) — f(1))/(z — 1)).
The convexity and continuity of g follow from the convexity of f and the expression for

bf-
Next, we fix a and show that h(b) : b — ¢¢(a,b) is non-decreasing for b € [a,1]. For
every b € [a, 1), we have,

=1 (5) =54 (5) 1 (1=5) =i (55) o

where h/, represents the right derivative of h. By the convexity of f,

1) - (=) 2w (5=5) (G- 1sh) )

Combining (66) with (67), we obtain that,

Pa(b) = <f;% G:Z) - i (Z)) >3 <f'L (1:2) —fr (Z)) =0

where the last inequality is because that § < % for every 0 < a < b and f is convex. The

non-negativity of h',(b) implies that h(b) is non-decreasing on [a, 1].

A.2 A Variant of Fano’s Inequality from Braun and Pokutta (2014)

One of the main results in Braun and Pokutta (2014) (Proposition 2.2) establishes the
following variant of Fano’s inequality. Consider the setting of Lemma 3. In particular,
recall the quantities R® and Rgg from (21) and also the sets B(a),a € A from (16). (Braun
and Pokutta, 2014, Proposition 2.2) proved the following: for any decision rule 9,

—I(w,P) — H(R®) — log Wax
IOg [(1 - wmin)/wmax]

R > ; (68)
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where H(z) := —zlogz—(1—x)log(1—x), Wmin = infae 4 w(B(a)) and wmax := sup,e 4 w(B(a)).
Below we provide a proof of this inequality using Lemma 3. The proof given in Braun

and Pokutta (2014) is quite different proof. Using (20) from Lemma 3 with f(z) = xlogz,

we have for any decision rule

2, R > 1—-R°
Dy (P]|Q)w(df) > R®log —- + (1 — R’) log 5
o Ry, 1 - R
We can rewrite this as
| DAPIQuu(d0) > ~H(R) = R log By~ (1= F)log1 = By) (69
where H(z) := —zlogz — (1 — z)log(1l — z). Since L in Lemma 3 is zero-one valued.
R = 1- Equ(B((X)) (70)

where Eg denotes expectation taken under X ~ @ and and B(0(X)) is defined in (16). As
a result, we have

1-— r;lezﬁ(w(B(a)) < RDQ <1- aréiﬂw(B(a)). (71)

Using the bounds in (71) on the right hand side of (69), we deduce
/ D¢ (P||Q)w(df) > —H(R®) — R*log (1 — wmin) — (1 — R®) log Wmax-
©

where Wiy = infae 4 w(B(a)) and Wmax := sup,ec 4 w(B(a)) for notational simplicity. Tak-
ing the infimum on the left hand side above over all probability measures ), we obtain

I(w,P) > —H(R®) — R°log (1 — wmyin) — (1 — R®)log (Wmax) -

Provided wpmin + wmax < 1, one can rewrite the above inequality as (68). This completes
the proof of (68).

A.3 Proof of Corollary 7
1. Proof of inequality (26): Applying Theorem 2 with f(z) = 2 — 1, we obtain

(Ro — R)?
L2 (w,P) > 7]%0(1 ~Ro)

Because R < Ry, we can invert the above to obtain (26).
2. Proof of inequality (27): Theorem 2 with f(z) = |x — 1|/2 gives

R
Ity (w,P) > 70

1-R
1—- Ry

R |, 1-R
Ry 2

—1’:R0—R,

where the last equality uses the fact that R < Ry. Inverting the above inequality, we
obtain (27).
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3. Proof of inequality (28): Theorem 2 with f(x) = f)/2(7) = 1 — \/x gives

If,,,(w,P) > 1—+/RRy — /(1 — R)(1 — Ry). (72)

Assume that Py has density pg with respect to a common dominating measure u. We
shall show below that

Iy, o (w,P) =1 — //Xugdu where u := /@ VDow(db). (73)

To see this, fix a probability measure ) that has a density ¢ with respect to u. We
can then write

[ osl@et) =1~ [ va( [ Vi) a=1- [ Vo

It follows then from the Cauchy-Schwarz inequality that

w(dd) =1 — u? d — u2d
[ smii@uta) =1~ [ Varauz1-[ [

with equality holding when ¢ is proportional to u2. This proves (73). We now see
that

1
/ u? dp = / / / VPo/Per dpp w(dB)w(dd') =1 — 5h? (74)
X eJeJx
where h? is defined as
B2 = / / H2(B)|[ Py )ew(d0)w(dd). (75)
eJe
This, together with (72) and (73), gives the inequality
h2
V/RRo + /(1 = R)(1 — Rg) > -5 (76)

Now under the assumption h? < 2Ry, the right hand side of the inequality (76) lies
between /1 — Ry and 1. On the other hand, it can be checked that, as a function
in R, the left hand side of (76) is strictly increasing from /1 — Ry (at R = 0) to 1
at (R = Ry). Therefore, from (76), we know that R > R where R € [0, Ro] is the
solution to the equation obtained by replacing the inequality (76) with an equality.
One can solve this equation and obtain two solutions. One of two solutions can be
discarded by the fact that R < Ry. The other solution is given by:

Ri= Ro— 2R~ 1) — VRl = o) /PE =)

and thus we have R > R which proves inequality (28).
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We note that the lower bound on R in (28) only holds under the condition h? < 2Rj.
When h? > 2Ry, inequality (28) holds for every R € [0, Rg+] and thus cannot provide
a non-trivial lower bound on R. As an example, when © = A= {1,...,N}, L(0,a) =
I{f # a} and w is the uniform prior on O, it is easy to see that Rp = 1 — (1/N) and
1 N(N —1)
W= LS e <2 XD

040"

Inequality (28) therefore is equivalent to

—-2h> VN-1
RZl—l—N th— h2(2 — h?).

N N 2 N

This recovers the result in Example I1.6 in Guntuboyina (2011b).

A.4 Derivations of Le Cam’s Inequality (Two Hypotheses) and Assouad’s
Lemma and other Results from Corollary 7

To demonstrate the application of Corollary 7, we apply it to derive the two hypotheses
version of Le Cam’s inequality (with total variation distance) and Assouad’s lemma (see
Theorem 2.12 in (Tsybakov, 2010)).

The simplest version of the Le Cam’s inequality, the so-called two-point argument, is
an easy corollary of (27). Indeed, applying (27) with © = A = {609,061}, L(0,a) =1{0 # a}
and w{0} = w{l} = 1/2 (and note that Ry = 1/2), we obtain that for any distribution @
on X,

1
3 (I1Poo — Qllrv + | Py, — QllTv) > Ity (w,P) > 1/2 —

Taking @Q = (Py, + P»,)/2, we obtain Le Cam’s inequality:

1
Rinimax > 5 (1 - HPGQ - P91 HTV) : <78)

The more involved Le Cam’s inequality considers © = A = Oy U 0O for two disjoint subsets
©p and ©; and loss function L(#,a) = I{# € ©1,a € Oz} + [{§ € O2,a € ©1}. The
inequality states that for every pair of probability measures wy and w; concentrated on Qg
and O respectively,

1
Rminimax Z 5 (]— - ”mO - mlHTV) (79)

where mg and m; are marginal densities given by m,(z) = [ pg(z)w-(df) for 7 = 0,1. To
prove (79), consider the prior w = (wg + w1)/2. Under this prior, the problem is easily
converted to the previous binary testing problem. In particular, the data generating process
under the prior w can be viewed as first sampling 7 ~ Uniform {0,1} and then X ~ m,.
The decision a € A can be converted into the binary decision 7 = I(a € ©1). The loss
function is L(7,7) = I(7 # 7). The Bayes risk under the prior w can be re-written as,

Rpayes(w, L; ©) mf Z / mr(z)u(dz), (80)

7=0,1
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which has the same form as the Bayes risk in the earlier binary testing problem. Applying
the same argument as for proving (78), we obtain the lower bound on the Bayes risk in
(80), Rpayes(w, L;©) > % (1 — |[mg — ma||rv), which further implies (79).

Another classical minimax inequality involving the total variation distance is Assouad’s
inequality (Assouad, 1983) which states that if © = A = {0,1}¢ and the loss function L is
defined by the Hamming distance, i.e., L(6,a) = 2?21 1(0; # a;), then

Rminimax >

N

Lo (L= 1Py — Pyllzv)- (81)
This inequality is also a consequence of (27): let w be the uniform probability measure on
© and Li(0,a) = I(6) # a1). Under w, the marginal distribution of the first coordinate is
wi{0} = wi{1} = 1/2. Let m(z) := > gy, _. po(x)/297 " for 7 € {0,1} be the corresponding
marginal density of X and let Q(z) =  (mo(z) +mi(z)). Applying the same argument
as for proving (78), we obtain that the minimax risk for the zero-one valued loss function
L1(6,a) is bounded below by 3 (1 — |lmo —millry) > §mingge)—1 (1 — [Py — Pyllrv).
Repeating this argument for L;(0,a) := I{0; # a;} for i = 2,...,d and adding up the
resulting bounds, we obtain (81).

By using Le Cam’s inequality (see, e.g., Lemma 2.3 in (Tsybakov, 2010)) which states
that:

1
1Py — Py||7v < \/HZ(P(;HP(;/) (1 — 4H2(P9HP9/)>,

the inequality in (81) further implies the Hellinger distance version of Assouad’s inequality
in the book Tsybakov (2010, Theorem 2.12), i.e.,

d 1
Rminimx>* i 1-— H2(Py|| Py 1— —H2(Py|| Py . 82
a_QL(mml{ \/ eallem) (1- 1 uum)} 52)

A.5 Comparison of the Bounds for Different Divergences

We provide some qualitative comparisons of Bayes risk lower bounds given by Theorem
2 for different power divergences. In particular, let us consider the discrete setting where
©=A={61,...,0n}, L(0,a) =1{0 # a}, and w is the discrete uniform. Note that in such
a “multiple testing problem” setup, Ry is equal to 1—(1/N). We take N sufficiently large so
that Ry is close to 1. To establish minimax lower bounds, a typical approach is to reduce the
estimation problem to a multiple hypotheses testing problem in the aforementioned setup,
then try to prove that the Bayes risk R > ¢ > 0 (see Section 2.2. in Tsybakov (2010)).
Without loss of generality, we take ¢ = 1/2 and we shall see how the three inequalities (25),
(26) and (28) work to establish R > 1/2.

Let us start with (25) corresponding to KL divergence, which is equivalent to the classical
Fano’s inequality (3) in the discrete setting. To establish R > 1/2, the following condition
should hold:

2 4

We remark that I (w, P) is at most log NV even if every the pairwise KL divergence D(Py, || Ps,)
equals oo for i # j. This fact will be clear from the inequality (47) from Section 5 (let M = N

[(w,P) < S log (N) . (83)
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and Q; = Py, for 1 < j < M). The upper bound on I(w,P) in (47) further provides a
sufficient condition to verify (83).

Now we turn to (26) corresponding to the chi-squared divergence. Since Ry = 1—(1/N),
inequality (26) implies a sufficient condition for R > 1/2:

Le(w,P) < 2 (1—1)2. (84

N-1\2 N

When N is large, the above condition is equivalent to I,2(w, P) < N/4. Note that the maxi-
mum possible value of I,2 (w, P) in this discrete setting is N—1 (even when x?(Pp, [ Po,;) = o0
for every ¢ # j) and this follows from our upper bounds on f-informativity for a class of
power divergences in (50) (see Section 5).

The conditions (83) and (84) don’t imply each other. The chi-squared divergence is
always greater than the KL divergence (see Lemma 2.7 in Tsybakov (2010)), but the upper
bound required by (84) is also weaker than that required by (83). For both divergences,
constructing more hypotheses (i.e., choosing N > 2) is often helpful for showing R > 1/2.

For the Hellinger distance (inequality (28)), we claim that it gives no more useful bounds
than those obtained by a simple two point argument. To see this, since Ry = 1 — (1/N),
inequality (28) implies

where h? = 3, H 2(P91.|\P9j) /N2. When N is large, the above inequality reduces to ef-
fectively R > 1 — (h?/2). Therefore a sufficient condition for R > 1/2 is h? < 1, which is

equivalent to,
1 N

—_ H?(Py,||P,) < .

When N is large, the above displayed condition implies the existence of ¢ < j for which
H?(Py,||Pg;) < 1. Let @ denote the prior w{i} = w{j} = 1/2. It is easy to see that the
Bayes risk for @ equals Rpayes(W) = % (1 — || Py, — Py, ”TV) . By Le Cam’s inequality (see
Lemma 2.3 in Tsybakov (2010)), we have,

H2(Py, || Po;)
1-— H(PgiHPQj)\/l — fj

N

RBayes (UN)) Z

Since H(Py,||Py;) < 1, it is easy to verify from the above that Rpayes(1) > 1/8. Therefore
in this discrete setting, if inequality (28) implies Rpayes(w) > 1/2, then there is a much
simpler two point prior @ for which Rpayes(1) > 1/8. It shows that for Hellinger distance,
considering N > 2 hypotheses is not more useful than using a pair of hypotheses. The
reason is that the Hellinger informativity can be written as an expression involving pairwise
Hellinger distances. In particular, it can be seen from the proof of inequality (28) that

1 1/2
Iro(w.P) = 1= (1= 55 D H*(Pal||Py))

/L?]

39



CHEN AND GUNTUBOYINA AND ZHANG

In contrast, the mutual information, I(w,P), cannot be written in terms of D(Py,||Pp;) for
i # j (recall that I(w,P) is always at most log N even when D (P, || Pp;) = oo for all i # j).
The same holds for I,2(w, P) as well (which is always at most N —1 even if x*(Py,|| Py,) = 0o
for all i # j).

If the eventual goal of obtaining Bayes risk lower bounds is to obtain lower bounds up to
multiplicative constants on the minimax risk, then the bound in (28) gives no more useful
bounds than those obtained by the simple two point argument. In this sense, inequality
(28) induced by Hellinger distance is not as useful as inequalities (25) and (26). In fact, the
Hellinger distance is seldom used in lower bounding minimax risk involving many hypotheses
(for example, none of the minimax rates in the examples of Tsybakov (2010) involving
multiple hypotheses testing are established via Hellinger distance).

Appendix B. Proofs and Additional Results for Section 5 on Upper
Bounds on f-informativity

B.1 Proof of Lemma 15
Let ¢(t) = " with ¢/(t) = rt"~! and ¢"(t) = r(r — 1)t"~2 and @(t) = t'/7 with ¢/(t) =

1¢(1=1)/r Then
—¢ ([ stuptan).

To prove the concavity of f(u), considering the scalar function

(/gb )+ sv(t))p (dt)), (85)

for arbitrary u,v € Lj,(T). We notice that concavity of f is equivalent to concavity at zero
for all functions of the form h, and we therefore only have to show that h”(0) < 0. Let

fT¢ +SU( )) (dt)
W / &' (u(t) + sv(8)o(H)u(d)

0 ( / & (u(t) + so(t))v (t)u(dt))2
/ & (u(t) + su(t))o2()u(d)

By plugging in the definitions of ¢(t), p(t), g(s) and setting s = 0, we have

" _ l—r 1—r r—1 ? o 2—r r—2,2
W'(0) = o <(f<u> [ty tutonan) - g [ty (t)u(dt))

Applying the Cauchy-Schwarz inequality

(f a(t)b(t)ﬂ(dt)>2 < ([ atrutan) [ ote2utan)

—r/2 1-r/2
with a(t) = < ))) / and b(t) = o(t) (%) / and noticing that » < 1, we have

R"(0) <0, thh completes the proof.
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B.2 Example Demonstrating the Effectiveness of Theorem 14

In this example, we show the tightness of the upper bound in (49) in terms of chi-squared
divergence (a = 2). In particular, let the distribution P be the n-fold product of N(0,1)
and Q¢ be the n-fold product of N(§,1) where { ~ N(0,1). It is straightforward to show
that the marginal distribution @ is a n-dimensional Gaussian distribution with mean 0 and
covariance matrix I, + 1n1£, where 1,, denotes the n-dimensional all one vector and I,, the
n X n identity matrix.

Since x?(P||Q¢) = exp(né&?) — 1, the right hand side of (49) equals to v/2n + 1 — 1. The
term x2(P||Q) on the left hand side of (49) is difficult to evaluate. However, we can lower
bound x?(P||Q) using the following standard inequality exp (D(P||Q)) —1 < x*(P||Q) (see
Lemma 2.7 in Tsybakov (2010)). By the closed-form expression for KL divergence between
two multivariate Gaussian distributions, we have D(P||Q) = 3 (log(n + 1) —n/(n + 1)) and
thus

¢ A+ 11 <exp (D(PI|Q)) — 1 < X*(PIQ)

As we can see, the upper bound v/2n + 1 — 1 in (49) is quite tight and x?(P]|Q) is on the
order of y/n.

B.3 Proof of Corollary 17

Fix 0 < § < A~Y/2. Partition the entire parameter space © into small hypercubes each
with side length 6. For each such hypercube S and let mg denote the probability measure
w conditioned to be in S i.e., 7g(C) := w(C)/w(S) for measurable set C' C S.

For every decision rule 9(X), clearly

/@ EoL(0,0(X))w(dd) = 3 w(S) / EoL(6,5(X))drs(6)

S S

where the sum above is over all hypercubes S in the partition. This implies therefore that

RBayes(w7 L; 6) > Z w(S)RBayes(ﬂ'Sy L; S)
S
The proof will therefore be completed if we show that

(m}e))p/d rs(d0) (36)

for every fixed hypercube S. So let us fix S and, for notational simplicity, let 7 := 7wg. We
will use (39) to prove a lower bound on Rpayes(7s, L; ). Note first that

1
Riayes(ms, L; S) = se 28 P4y /4 /
S

inf /S D(P||Q)m(df) < /S /S D(Py|| Py )7 (d6)m(d6’)

<A 0— 02 < Adé? =: T'P.
< 96%1,3?25” s < ;- (87)
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Also, letting f™ and f™" be the maximum and minimum values of f,, in S, we have

Bi(a. 1)) < 25 Vol(By(a, 1)) < T VI
T R

Let 0 be an arbitrary point in the set S. Since S has diameter v/dd, the set {6 16— 0] <
Vds} contains S. We obtain from the definition of r5(#) that f7%®/fmn < r5(f) so that

supm(By(a, L)) < r5(0)V o~ 9t4/P.
aesS

p/d
t = 672pA52(5p % y
8Vrs(6)

leads to sup,cg m(Bi(a, L)) < %eﬂf}flp. Employing (39), we deduce

1 1 p/d 1 1 p/d
Rpayes(m, L; 5) > e wAY g - > —em2P4P _
2 8Vr;(6) 2 8Vr5(6)

Thus, by (87), the choice

where we used the fact that 62 < 1/A. Because 0 € S is arbitrary, we can write

1 1 p/d
RBayes(Tra L; S) > *6_2p5p(8V)_p/d sup ( = )
2 ges \15(0)

%e—%ap(w)—?/d /S <m%9)>p/d7r(d9)-

Vv

This proves (86).

Appendix C. More Examples on Bayes Risk Lower Bounds

In this section, we provide more examples on the applications of derived Bayes risk lower
bound in Theorem 9 and Corollary 12. For the clarity of the presentation, in each example,
we will first present the Bayes risk lower bound and then provide the proof.

C.1 Generalized Linear Model

Fix d > 1 and let © = A = R? with L(#,a) = |0 — a||} for a fixed p > 0. Also fix n > 1
and an n x d matrix X whose rows are written as xlT, .. ,wz. As in the last example, Apax
denotes the maximum eigenvalue of X7 X /n.

For 6 € ©, let Py denote the joint distribution of independent random variables Y7, ...,Y,

where Y; has the density

yBi — b(B:)

(%) +c(y, )| foryeR (88)

exp
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with g; = :L‘iTQ fori =1,...,n. The parameter ¢ is taken to be a constant and the functions
a(-),c(-,-) and b(-) are assumed to be known. We assume the existence of a constant K > 0
such that b”(8) < K for all 8 where b”(+) is the second derivative of b(-). This assumption
indeed holds for many generalized linear models (e.g., binomial, Gaussian) and we will
discuss the case (i.e., Poisson) where this assumption fails at the end of this example.

Let w denote the Gaussian prior with mean zero and covariance matrix 721;. Using
Corollary 17, we can prove that

Riayes(w, 1;0) > C [dmin (Cjﬁ? r2>]p/2 (39)

for a constant C' that depends only on p. Let us illustrate this lower bound by considering
a simple case of p = 2. We note that the term dZ—%)) is the well-known minimax risk
of generalized linear model under the squared loss. The parameter 7 characterizes the
strength of the prior information. In fact, since 721 is the variance of the Gaussian prior
distribution, a small value of 7 provides strong prior information that each 6; should be
concentrated around 0. When 7 is large, i.e., with less prior information, the lower bound
of the Bayes risk in (89) is the same as the minimax risk up to a constant factor. On the
other hand, when 7 is small, i.e., with strong prior information, the lower bound of the
Bayes risk becomes dr2, which is smaller than the minimax risk.

The proof of (89) will involve Corollary 17 for which we need to determine A,V and
r5(0). As before, it is easy to check that V = Vol(B). To determine A, fix a pair 61,62 and,

letting ﬁi(j) = xiTGj for j=1,2and ¢ =1,...,n, observe that

n

D(Fy, ||Py,) = a(1¢) 2 (b’(ﬁi(l)) (51,(1) _ 52,(2)) N (b(ﬁi(l)) B b(ﬁ'i@))))
=1

By the second order Taylor expansion of b(@@)) at the point 52(1) , we obtain

n ~

DRy 1P) = - S0 PR (o oy

where j; lies between min(ﬂl-(l),ﬁim)) and max(ﬁi(l), BZ-(Q)). Now because of our assumption
that b”(-) is bounded from above by K, we get

DRy 1P) < sl = B2 = (01 = 07 XTX (01 6
NK Amax 2
< W||91 — 6"

We can thus take A = nK Amax/(2a(¢)) in Corollary 17. Next we control r5(6). For given
f and 4,

1
r5(6) =sup {oxp (515 (1023 = 16218) ) - 16— Ol < Vs .
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For 601,05 with [|6; — 0|2 < Vdé, i = 1,2, we have

161115 = 1162113] = [l161 — 6013 + 267 (61 — ) — (|62 — 0]3 — 267 (62 — 0)]
1161 = 0113 — 1162 — 613| +2[101l2 (161 — 612 + (|62 — b]|2)
do? + 4V d5 |02
As a result r5(8) /% > exp(—pd?/(272)) exp(—2pd||0||2/(7%V/d)) and hence

A <r;e>>p/d“’<d9) <‘§i) e (—Qf‘%’%) w(do)

6% 4Apb
p P )/H{HGHQ < 27\/&} w(dh).
S}
By Chebyshev’s inequality, we have

IA A

V
I
"
ol

V
@
"
o
/T\
[

1 ) 1
> < _
{1 > 20V w@o) < o [ 101Butas) - ; (90)
Consequently,
1\ 3 pé%  4pd
> = —=+—=]).
o Ga) ooz g (- (354 7) o
Corollary 17 therefore gives
2
Rpayes(w, L; ©) > ge_Qp(SV)_p/dép exp (—giQ — 4i5> whenever §2 < 1/A.

We make the choice

nK Amax

which implies that the exponential term in the right hand side of (91) is bounded from
below by exp(—9p/2). We thus have

5 := min (1/4,7%) = min < 2a(¢) T2>

3 13 _ . 2a(9) v/
O) > 3 e-130/2(gy)~p/d 292
RBayes (wy L) @) — 86 (SV) |:m1n (’]’LK)\max ’ T

The inequality (89) now follows because V1/4 =< d=1/2,

The assumption that b”(5) < K which was used for the proof of (89) holds under some
widely used densities of Y; in (88). For Gaussian distribution in (88), we have b(3) = %
so that v"(8) = 1 for 8 € R. For binomial distribution, b(8) = log(1 + exp(f)) and

b'(B) = % < 1 for all B € R. However, for Poisson distribution, b(8) = exp(3)

and thus b”(3) = exp(3) is unbounded on R. To address this issue, we restrict the prior to
the subset © = {# € © : ||6]|2 < 2rV/d} and define the re-scaled prior distribution 7 on ©
as 7(S) = w(S)/w(O) for any measurable set S C ©. Let B = max;—1,. p ||2i|2. For any
B =l for some i = 1,...,n and 0 € ©, we have b"(8) < exp(27vdB) := K. We note
that such a restriction of the parameter space will not affect the order of the Bayes risk
lower bound. In particular, since now b”(8) < K when 6 € O, applying the same argument,
we obtain the lower bound on RBayes(ﬂ',L;(:j). By (90), we have w(©) > 3/4 and the
lower bound on Rpayes(w, L; ©) can be easily established by noticing that Rpayes(w, L; ©) >
w(0O)Rpayes(m, L; ©) > %RBayes(ﬂ', L;0).

44



ON BAYES RISK LOWER BOUNDS

C.2 Spiked Covariance Model

Fix ©® = A = B where B is the unit Euclidean closed ball of radius one and let L(6,a) :=
16 — a||5 for a fixed p > 0. Also fix n > d/2. For 6 € O, let Py denote the joint distribution
of independent and identically distributed observations X1, ..., X, satisfying the Gaussian
distribution with zero mean and covariance matrix ¥y := I; + 667 . This is the problem of
estimating the principal component for a rank-one spiked covariance model. Let w denote
the uniform distribution on B. We shall prove that

n

1 d p/2
RBayes(w7 L; 9) Z C [min <27 >:| (92)

where C only depends on p.
The proof is based on the application of (32) with f(z) = 22 —1, i.e., on inequality (40).
For this, we need to bound the term sup,c 4 w(B:(a, L)) and the f-informativity corre-
sponding to the chi-squared divergence. It is easy to see that sup,e 4 w(By(a, L)) < t%/P.
For the f-informativity, we will use the bound (51) with o = 2 which requires bounding
M,2(€,0). According to (Guntuboyina, 2011a, Theorem 4.6.1), for two Gaussian distribu-
tions with mean zero and covariance matrices X1 and Yo such that 221_1 -5 Lis positive
definite and |1 — Yo||Z < X2, (55), we have

— 27'min
1 — Sol)%
X2 (Na0, 21)[INa(0, 55)) < exp (””F) 1 (93)
)\min(22)
Here || - || denotes the Frobenius norm defined as ||A[|% := > a?j where A = (a;5) and

Amin denotes the smallest eigenvalue.
Using this result, we get that for 01,02 € © (note that A\pin(2g) = 1 for all 9),

X2 (P91HP92) < exp (nH291 _292“%‘) -1, (94)
provided
220_11 — 29_21 is positive definite and ||Sg, — B, |3 < 1/2. (95)

In the sequel, whenever we employ (94), the conditions (95) hold. But, for ease of presen-
tation, instead of verifying (95) for every application of (94), we will simply assume (94)
and verify the necessary conditions at the end of the proof. Assuming (94), we see that
X2 (Pa, || Py,) < €% provided || Sy, — Xg,||% < log(1 + €2)/n. Now for 61,60, € ©

S0, = Z6, |7 = 116161 — 0205 [|7 = (0167 — 6165 + 6165 — 6267 || %
< 2([161]3 + [162113) 161 — 62[13 < 4]161 — G213
It follows therefore that the e?-covering number in the chi-squared divergence can be

bounded from above by the \/log(1 + €2)/(2y/n)-covering number of B under the usual
FEuclidean norm. Consequently

/2
S6n )> provided log(1 + €2) < 4n.

M < | —
2(60) < <log(1 + €2
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We now set e to satisfy log(1 + €2) = min (n/2, d) so that Corollary 16 gives

]X2(w,77) < sz (e)(1+ 62) -1

< exp (min (g d)) [36 max (2, g)]dﬂ — 1= I,

It follows that sup,e 4 w(Bi(a, L)) < 1(1 + I}lp)*1 provided ¢t = (4(1 + I}lp))*p/d. Inequal-

ity (40) then proves
1 d p/2
(24e)”P [min (, )]
2'n
which implies (92).

It remains to justify the conditions (95) when we used (94). It should be clear that for
this, we only need to verify (95) when

log(1 + €2 . (1 d
150, ~ S < B i (3,9 (96)

.RBayes(’w7 L, @) > (4(1 + I}lp)) 8 >

1
-2

N =

n

We only need to check that 22;11 - 2521 is positive definite under the above condition. For
this, observe that by Weyl’s inequality,

2
—1 —1 —1 —1
Awin (255 = 251) = A (2551 = Ama (%27)) = e 20

This implies that 22;11 - 2521 is positive semi-definite and ||6;||2 = 1 is a necessary condition

for Amin (22;11 — 202_1> = 0. Under the condition that ||61]]2 = 1, by Sherman-Morrison

formula,

ol w11, 9,67 0203
02 ~ oy T AL F g

It is then easy to check that Apin (229_11 — 29_21) = 0 only if 65 is orthogonal to #,. However,

when [|61]]2 = 1 and 6y is orthogonal to 61, ||[Xg, — g, ||% = [161]13 + [|6=2]|3 > 1, which
contradicts (96). Therefore 229_11 — 29_21 is positive definite and this completes the proof
of (92).

C.3 Gaussian Model with General Loss

In this example, we consider Gaussian location model with continuous prior with a bounded
Lebesgue density and general loss functions. Here, we do not specify the form of the prior
and loss. We only present this example to illustrate applications of Theorem 9 and Corollary
12. Our main bound is inequality (97). This bound however might be suboptimal for specific
priors w because we do not use knowledge about the specific form of w. However, when
the specific form of w is available, the argument can often be easily modified to improve
inequality (97). We provide examples of this at the end of this subsection.
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C.3.1 GAUSSIAN MODEL WITH SQUARED LOSS

Fix d > 1. Suppose © = A = R? and let L(6,a) := || — al|3 where || - ||2 is the usual
Euclidean norm on R%. For each # € R?, let Py denote the Gaussian distribution with
mean 6 and covariance matrix o2l (02 > 0 is a constant). For every prior w on R? with a
Lebesgue density bounded by W > 0, we have

do W =2/

Loy >%w
RBayeS(w7 7@) ~ (0_2 ¥ V)2

(97)

where

‘= min = 3 F— si)%w
Vi min [ § 20 s (98)

s€Rd

To prove (97), we shall apply (32) with f(z) = xlogz, i.e., we apply (39). The resulting
f-informativity (a.k.a mutual information) can be bounded in the following way. Because
I(w,P) < [ D(P||Q)w(dh) for every Q. In particular, we take @ to be the Gaussian distri-
bution with mean ¢ and covariance matrix (6% 4V)I,, where ¢t = argmingpa Jo %1 Zle(ei —
si)?w(df), i.e., t; = [g Giw(d) is “center” of the prior. Then, we obtain

I(w,P) < /@ D (N (0,0%14) |IN (t, (6* + V) 1)) w(d9).

Using the standard formula for the KL divergence between two Gaussians, we deduce that

o2 +V o2

which by (98) implies that
d Zrv
I(w,P) < floga v
2 o?

(99)

Let I}lp denote the right hand side above. To apply (39), we also need an upper bound on
Supgea w (Bi(a, L)). Because of the assumption that the Lebesgue density of w is bounded
from above by W, we get

supw (By(a, L)) < Wt¥?Vol(B) (100)
acA

where B is the Euclidean ball with unit radius. Thus the choice

4
t = cW2/Nol(B _Q/dai,
(B) (02 +V)2
for a small enough universal positive constant ¢, ensures sup,c 4 w{B¢(a)} < iefﬂyp (recall

that I}lp is the right hand side of(99)). Consequently, inequality (39) implies that Rpayes >

t/2. The proof of (97) is now completed using the standard fact: Vol(B)Y/? =< d~1/2.
However, since the form of the prior w is unspecified in this example, the simple upper
bound on sup,c4 w (Bi(a, L)) in (100) could be loose. But this can be easily fixed when
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the concrete form of the prior is available. For example, for a spiked model with a large W
(see an example of mixture prior in Remark 11 in the main text), the lower bound in (97)
could be sub-optimal but can be easily tightened using the proposed chaining technique
in Remark 11 in the main text. For another example, let w be the uniform prior on the
hyper-rectangle H = [—¢,¢] x [—1,1]%"! for some very small . Here inequality (100) is
equivalent to

supw (By(a, L)) < Wt¥?>Vol(B).
acA

When € — 0, we have W — oo so that the upper bound is fairly loose. However, since H
is the support of w, we can also use the following upper bound:

sup w (By(a, L)) < Wt¥?Vol(B N H).

acA
When € — 0, we have W — oo but Vol(B N H) — 0. In particular, the product limit
lim._,o WVol(BNH) — 0 is finite. It converges to the maximum value of w (B;(a, L)) where
w is restricted in a (d — 1)-dimensional subspace of R?. Once we replace inequality (100)
by the above upper bound, the associated Bayes risk lower bound will be tight.

C.3.2 GAUSSIAN MODEL WITH GENERAL LOSS

Consider the same setup as in the previous example but now allow the loss function to be
L(0,a) = |0 — a||? for an arbitrary norm || - || (not necessarily the Euclidean norm) on R¢.
In this case, we obtain the following Bayes risk lower bound:

oA —2/d 2

ayes 7L; > .
Reaye (0, 130) 2 002972 @272

(101)

where Z is a standard Gaussian vector and || - ||« is the dual norm corresponding to || - ||
defined by ||z||« := sup{(z,y) : |ly]| < 1}. The quantities W and V are as defined in the
previous example.

The proof of (101) is largely similar to that of (97). We use (39) along with (99) for
controlling I(w, P). To control sup,c 4 w(B:(a, L)), we again use the fact that the Lebesgue
density of w is bounded from above by W to obtain

supw (By(a, L)) < WVol {9 eR?: 9] < \/i} . (102)
acA

To deal with the volume term above, we use Urysohn’s inequality to obtain an upper bound
in terms of the volume of the unit Euclidean unit ball B. The original reference for Urysohn’s
inequality is Urysohn (1924) but it has been recently used in a statistical context by Ma
and Wu (2015). Urysohn’s inequality gives

Vol {§ e R?: ||0]| < vt} z NG _
( Vol(B) ) < ﬁEHZH* with Z ~ N(0, I). (103)

Inequalities (102) and (103) together give

supw (By(a, L)) < W'/2Vol(B) (EHZ”)
acA ’ - \/g
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The choice
Ly Wt d

(0% +V)? ([ Z]l.)?

t = cVol(B)

for a small enough universal positive constant ¢ ensures sup,c, w{B;(a)} < %6_21}”) (1P
is the right hand side of (99)). The proof of (101) is then completed by noting that

Vol(B)/4 =< d=1/2.

Appendix D. Proof of Lemma 19 in Section 6

Consider the i-th instance z; € R sampled from N (02,5 Iaxa), where z; is the membership.
Note that for any j € [k]\{z;}, the distance between 6, and 6; is lower bounded by D. We
have

i = 0513 = llzi = 0=, 113 = 116 — 0=,13 — 2(0; — 0=, 25 — 62,). (104)
The random variable (§; —6,,, x; — 0.,) satisfies distribution N(0; ||6; — 6.,]3). Let ® be the
CDF of the standard normal distribution. Then with probability @(W), we have

(6) ey — 0 < 6, — 6 10l 2L (105)
Combining (104) and (105), we have
i = 05113 = lls — 02,115 > [16; — 02 [2- (106)
On the other hand, the triangular inequality implies
[z = O5ll2 + [lzi — 0z ll2 < 2llwi — 6 [l2 + (|65 — 6z |2- (107)

The random variable ||z; — 6., |3 satisfies a chi-square distribution with d degrees of freedom.
It is upper bounded by Ad with probability at least 1 — exp(%(l — B +logp)) for any
B > 1 (Dasgupta and Gupta, 2003). Putting (106) and (107) together, we have

_ i — 60113 — llwi — 0,113 10 — 0112 3
|zi = Ojll2 + lzi — 0212 — 2(|0; — 0, ]l2 +V/Bd — 6 ++/Bd

with probability at least ®(251) —exp(Z(1—B+log B)). By choosing D = cv/log(nk/5) and
B = clog(nk/d)/d for a sufficiently large constant ¢, this probability is lower bounded by
1—4¢/(nk). Applying union bound, the inequality holds for any (7, j) pair with probability
at least 1 — 4.

|zi = 0jll2 — llzi — 0|2

Appendix E. Proof of Theorem 23 in Section 7

We start with a simplified case where the random index set K is given to the estimator.
Knowing this information makes the problem easier, and makes the Bayes risk lower. In
addition, it reduces the d-dimensional regression problem to a k-dimensional problem where
a closed-form of the Bayes risk can be derived, which establishes the following lower bound:
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Claim 1 For any 7 > 0, the Bayes risk is lower bounded by:

1
RBayes(wa Lest; 6) >

2 .
2 T znger ¥ ond Rayes(w, Lpre; ©)

P ——) ¥
~ 1+ r2r2n/o2

See Section E.1 for the proof.

For the rest of this proof, we establish stronger lower bounds using the fact that the
index set K is unknown. It is easy to verify that for any random variable X sampled from
N(0,1), the probability of | X| > 1/2 is greater than 1/2. Consider a subset of the parameter
space O:

d
0:= {9 €O: [|0]5 <2k” and Y T[|6:] > 7/2] > k/2}. (108)
=1

For a random vector § sampled from the prior distribution w, the quantity ||0||3/72 satisfies
a chi-square distribution with k degrees of freedom. For any k > 1, the event ||0]|3 < 2k72
happens with probability at least 0.84. Given an index set K, for any ¢ € K the random
variable I[|0;| > 7/2] satisfies the Bernoulli distribution with parameter greater than 1/2,
so that the event Zle I[|6;| > 7/2 happens with probability at least 1/2. Combining these
two lower bounds and applying union bound, we obtain w(©) > 1/2 — (1 —0.84) > 1/4. As
a consequence, if we define a distribution @ over the subset © by w(A) := w(ANO)/w(O),

then Remark 11 implies that
RBayeS(w, L; @) > w(@) . RBayes(@, L,@) > *RBayes(wv L7@) (109)

Hence it suffices to focus on the Bayes risk for the marginal prior w.

Let the action space A := R? and let the loss function be either the estimation error Les
or the prediction error Lye. In order to lower bound the Bayes risk, it suffices to bounded
the chi-square informativity I,2(w,P) and the quantity sup,c 4 w(Bi(a, L)), then applying
Corollary 12. We begin with an upper bound on the chi-square informativity.

Claim 2 For any 7 > 0, the chi-square informativity is bounded by:
Le(w,P)+1< exp(26272kn/o?) (110)

See Section E.2 for the proof.

Next, we upper bound the quantity sup,c 4 W(B¢(a, L)). We begin by claiming a prop-
erty of all Fuclidean balls of small enough radius.

Claim 3 For any point a € R?, let B(a,r) be the Buclidean ball of radius r centering at a.
Ifr < %\/ET, then there is a universal constant ¢ > 0 such that

k

. c r \k
sup W(B(a, 7)) < (d/k2)k/4(\/%7) .

See Section E.3 for the proof.
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Lower bound on estimation error For the estimation error, we obtain by Claim 3 that
for any t < élmﬂ, the following upper bound holds:

_ _ ¥ Vi \E
iggw(Bt(a, Lest)) = :gﬁw(B(a, Vi) < (d/R2)F/ (\/Er) :

Combining Claim 3 with inequality (111), and applying inequality (40) in Corollary 12, we
obtain the lower bound:

(111)

1
2

kr? VENE _ (d/ER 1 2.2 2
= < = exp(—2 .
ol <\/ET> < 7 4exp( KkoTkn/o®)

The right-hand side is lower bounded by any scalar ¢ satisfying:

\/i (d/k2)1/4 1
< —kr? < :
t < 64kT and e . i

It implies that for some universal constant ¢’ > 0, we have:

RBayes(wv Lest;é) > —sup {0 <t<

exp(—2k27%n/0?)

_ 1
RBayes(W, Lest; ©) > ¢ k72 min {l,exp(§ log(d/k‘Q) — 4/{%7’271/0’2)}

= kr? exp (min {0, % log(d/k?) — Wl})

2
o
4K2n o2 log(d/k?
= kr? exp ( -2 [72 — SK%TL/ )Lr)
4K2n o2 log(d/k
> kr? exp ( o [72 — 16i(2n/ )} +>, (112)

where the last inequality uses the assumption d > k3 and its implication log(d/k?) >
3 log(d/k).
Combining inequality (112) with Claim 1 yields the lower bound:
1
1+ k272n/0?’

4K2n [72 s log(d/k)]+> },

RBayes(W, Lest; ©) > ¢ kr® max { o2 16&%71

oo (-

which completes the proof.

Lower bound on prediction error For the prediction error, we consider an arbitrary
vector a € R? and an arbitrary scalar ¢ satisfying v/t < 'f—é\/%r Let 6" be the vector in ©
which minimizes the term 1{|X (a — ¢")||3. If the inequality || X (a — ¢)||3 > ¢ is true, then
we have

sup W(By(a, Lyre)) = 0. (113)
acA

Otherwise, we assume that 2| X(a—¢')||}3 < t. Then for any vector § € © satisfying
L)X (0 — a)||3 < t, we have the upper bound

%HX(H — OB < (0 IX O — a)la+ 0V X (a = 0)]2)* < (Vi VE)? < 4t
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It means that By(a, Lpre) € Bat(6', Lpre). Since the vector ¢ is k-sparse, the the sparse
eigenvalue condition implies that for any vector 6 € O, if Lp(0,0") < 4t, then |0 — ¢'||]2 <

2Vt 5o that By (0, Lyre) € B(#, QT\ZE) Using Claim 3, we have

Ke

2Vt ck ( 2Vt )k

sup W(By(a, Lpre)) < sup @(B(Q’, —)) < supw(Bi(a, Lest)) <

acA acA Ke acA = (/KRN R
(114)
Combining equation (113) and inequality (114) we obtain
cF 2Vt \k K¢
W(By(a, L)) < f t < kT 115
SLGIEw( t(a, Lpre)) < (d/kQ)k/4(Hg\/ET> or any vt < 16 VET (115)

Comparing inequalities (111) and (115), we find that they differ by a factor of (2/k)*. Thus,
following the same steps for deriving inequality (112), we can find a universal constant ¢’ > 0
such that:

— 4K2n o?log(d/k)
— . 2 2 u 2
Rpayes (W, Lpre; ©) > " kkT* exp ( T [7’ — 716,«;%71 ]+> (116)

Combining inequality (116) with Claim 1 yields:

1 4K2n o2 log(d/k)
. "o 27, 2 u 2
RBayeS(w, Lprea @) Z C /iekT max {]WTQWIW7 exp < — 02 |:T — W} +) },

which completes the proof.

E.1 Proof of Claim 1

The Bayes risk of the original problem is lower bounded by that of the following simplified
problem: estimating 6 when the index set K is known, and without loss of generality, we
assume that K = [k]. For this case, let X’ be the submatrix consisting of the first k& columns
of matrix X, and let 6’ be the subvectors consisting of the first k coordinate of vectors 6.
Given the response vector y, the posterior distribution of ¢’ is equal to

p(0'|y) o< p(8)p(y|d') = N(¢';0, 72]) N(y;X@’,J2I) x N(H'; Eil(X’)Ty, 02271>,

where ¥ := (X)X’ + Z—;I is a shorthand notation. As a consequence, the Bayes estimator
g is given by é\K =Y HX")Ty and §_K = (0. The Bayes risk on the estimation error is
lower bounded by:

2
_ _ o
Rpayes(w, Lest; ©) = E[|S7H(X') Ty — 0'[13] = o*tx(Z71) > 2t ol kr?,
where the last inequality uses the sparse eigenvalue condition — it guarantees that all

eigenvalues of the matrix ¥ are less than or equal to nx2 + o2/72.
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The Bayes estimator for minimizing the prediction error is also given by 9, k=X"1X"Ty
and 0_g = 0. Thus, the Bayes risk is lower bounded by:

1 _ o? _
RBayes(W, Lpre; ©) = ;E[HX’(E "X Ty —60)3) = gtr(X’E Hx)h

o2

27,2
————— - KpkT,
~ kiTn+ o2 ¢
where the last inequality uses the sparse eigenvalue condition — it guarantees that all
2
eigenvalues of the matrix X'~ ~1(X")T are greater than or equal to #’:fé/ﬂ
4

E.2 Proof of Claim 2

Corollary 16 shows that the chi-square informativity can be bounded using the covering
number M, (¢,0). Consider the zero vector fy := 0 and an arbitrary vector § € ©. Their
response vectors are generated from Py, := N(0,0%I) and Py := N(X6,0%I), so that the
chi-square divergence between Py, and Py is equal to x*(Py,||Py) = exp(]| X0||3/0?) — 1. By
the sparse eigenvalue condition and the fact that ||0]|3 < 2k72, we have

X*(Poy || Po) < exp(rynl|0]|3/0%) — 1 < exp(2k;7kn/0?) - 1.

It means that if we choose €2 = exp(2k272kn/o?) — 1, then M,2(e,0) = 1, so that the
chi-square informativity is bounded by

La(w,P)+ 1< (14 €)M,2(e,0) = exp(2k572kn/o?). (117)

E.3 Proof of Claim 3

Consider an arbitrary vector a € R%, and let I, be the set of indices defined by:
I,={ie[d]: |a;)| >7/4}.

If |I,| > 2k, then for any § € ©, there are at least k + 1 coordinates such that 6; = 0 but
|la;| > 7/4. It means that [|a — 6|2 > $Vk7. Since r < £k, we have wW(B(a,r)) = 0.

Otherwise, we assume that |I,| < 2k. Given an index set K, let wx and wWx be the
conditional version of the prior distribution w and w, conditioning on the fact that the
k-sparse index set is K. Recall that for any € in the support of W, there are at least k/2
coordinates such that |0;| > 7/2. If |I, N K| < k/4, then there at least k/4 coordinates such
that [0;| > 7/2 but |a;| < 7/4. It means that ||a — 6]z > %\/ET for any 6 in the support of
Wk, and as a consequence, we have Wk (B(a,r)) = 0.

Thus, a necessary condition for wWx(B(a,r)) > 0 to hold is |I, N K| > k/4. Given
|I,| < 2k, the number of index set K satisfying this constraint is bounded by (,3}1) (d?;:l;{f)‘
To prove this bound, notice that every set K satistying |I, N K| > k/4 can be generated
by the following two-step procedure: first, generate k/4 element from I,; second, generate

the remaining 3k/4 elements from the remaining d — k/4 integers of {1,...,d}. There are
totall (2k)(d—k/4
Ovally \k/4)\ 3k/4

ways to generate, so that the above combinatorial number is a strict upper bound on the
number of sets.

) ways of generating the set. We note that the same K can have multiple
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For any set K satisfying the above constraint, we have:
Wi (B(a,r)) < 4wg (B(a,r)) < 4wg (B(0,7)), (118)

where the last equation holds because wy represents an isotropic normal distribution in R¥,
so that the maximum probability is achieved by centering at the origin. The right-hand side
of inequality (118) the probability a k-dimension normal random variable X ~ N (0, 72 xy)
satisfying || X||2 < r. As we showed in the proof of Lemma 21, this probability is bounded
by (ﬁ)k for a universal constant ¢ > 0. Putting pieces together, we have

_ (Ie2/k4) (d3;c%4) cr \k
sp (Bl ) < =) '4<\/%T)‘

By the definition of the combinatorial numbers, we have:

(o) (i) _ <2k>k!(d— EA)! <2k> K1

() k/4) (3k/4)d! k/4) (3k/4)! /4
(2k)E/2 / d \—k/A
- gk/4 - (@)

Combining the two upper bounds above completes the proof.
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