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Estimation problems with constrained parameter spaces arise in various
settings. In many of these problems, the observations available to the statis-
tician can be modelled as arising from the noisy realization of the image
of a random linear operator; an important special case is random design re-
gression. We derive sharp rates of estimation for arbitrary compact elliptical
parameter sets and demonstrate how they depend on the distribution of the
random linear operator. Our main result is a functional that characterizes the
minimax rate of estimation in terms of the noise level, the law of the random
operator, and elliptical norms that define the error metric and the parameter
space. This nonasymptotic result is sharp up to an explicit universal constant,
and it becomes asymptotically exact as the radius of the parameter space is
allowed to grow. We demonstrate the generality of the result by applying it to
both parametric and nonparametric regression problems.

1. Introduction. In this paper, we study the problem of estimating an unknown vector 6*
on the basis of random linear observations corrupted by noise. More concretely, suppose that
we observe a random operator 7¢ and a random vector y, which are linked via the equation

(1) szg(O*) + w.

This observation model involves two forms of randomness: the unobserved vector w, which
is a form of additive observation noise, and the observed operator T¢, which is random, as
indicated by its dependence on an underlying random variable &, and is linear in the argument
0*.

While relatively simple in appearance, the observation model (1) captures a broad range
of statistical estimation problems.

EXAMPLE 1 (Linear regression). We begin with a simple but widely used model: linear
regression. The goal is to estimate the coefficients 6* € R? that define the best linear predictor
x +— (x, 0*) of some real-valued response variable Y € R.. In order to do so, we observe a
collection of (z;,y;) pairs linked via the noisy observation model

yi ={xi, "y +w;  fori=1,...,n.

If we define the concatenated vector y = (y1,. .., yn), with an analogous definition for w, this
is a special case of our general setup with the random linear operator 7 : R? — R™ given by

(2) [Tg(@)]z=<l’l, 0> forz':l,...,n.

Here, the random index corresponds to the covariate vectors so that £ = (z1,...,2,); note
that we have imposed no assumptions on the dependence structure of these covariate vec-
tors. In the classical setting, these covariates are assumed to be drawn in an i.i.d. manner;
however, our general set-up is by no means limited to this classical setting. In the sequel, we
consider various examples with interesting dependence structure, and our theory gives some
very precise insights into the effects of such dependence.
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EXAMPLE 2 (Nonparametric regression). In the preceding example, we discussed the
problem of predicting a response variable Y € R in a linear manner. Let us consider the
nonparametric generalization: here our goal is to estimate the regression function f*(z) =
E[Y | X = z], which need not be linear as a function of x. Given observations {(z;, y;)}/" ;.
we can write them in the form

yi = [ (@) + wy, fori=1,...,n,

where w; = y; — E[Y | X = ;] are zero-mean noise variables.

Now let us suppose that f* belongs to some function class F contained with L?(X),
and show how this observation model can be understand as a special case of our setup with
0* € £2(N). Take some orthonormal basis {¢;};>1 of L*(X). Any function in F can then be
expanded as f = > ., 0;¢; for some sequence 0 (2(N). Letting € = (21,...,2,), we can
define the operator T¢ : 2(N) — R" via

0 [Te(0)]i = > 0;(z:) fori=1,....m,
j=1

so that this problem can be written in the form of our general model (1). Observe that the ran-
domness in the observation operator 7 arises via the randomness in sampling the covariates

{zihiy.

EXAMPLE 3 (Tomographic reconstruction). The problem of tomographic reconstruction
refers to the problem of recovering an image, modeled as a real-valued function f* on some
compact domain X — R?, based on noisy integral measurements. Formally, we observe re-
sponses of the form

yZ:J h(xl,u)f*(u)du—i—wl fori=1,...,n,
X

where h: R? x R? — R is a known window function. If we again view f* as belonging to
some function class F within L?(X'), then we can write this model in our general form with

[Te(v)]i = Z vj[f h(xi,u)gbj(u)du], and & = (x1,...,Zy).
j=1 X
Here we have followed the same conversion as in Example 2, in particular re-expressing f* in
terms of its generalized Fourier coefficients with respect to an orthonormal family {¢;};>1.

EXAMPLE 4 (Error-in-variables). Consider the Berkson variant [6, 14] of the error-in-
variables problem in nonparametric regression. In this problem, an observed covariate z—
instead of being associated with a noisy observation of f*(x)—is associated with a noisy
observation of the “jittered” evaluation f*(z +w), where u € R is the random jitter. Formally,
we observe n pairs (x;,y;) of the form

yi = (@i +u;) + & fori=1,...,n,

where the unobserved random jitter u; is drawn independently of the pair (x;,¢;). We can
re-write these observations as a special case of our general model with £ = (z1,...,z,), and

[Te(f)]i =Ey [f(2i + w)], and wizzei—s—{f(xi—i—ui)—Eu[f(xi—ku)]} fori=1,...

Note that the new noise variables w; are again zero-mean, and our assumption that T¢ is
observed means that the distribution of the jitter v is known.
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These examples (and others, as discussed below in Section 1.2) motivate our study of
the operator model (1). As we discuss in further detail later, a key advantage of writing the
observation model in this form is that it will allow us to separate three key components of
the difficulty of the problem: (i) the distribution of the random operator T, as expressed via
the distribution of §, (ii) the distribution of the noise variable w =y — T¢0*, and (iii) the
constraints on the unknown parameter 6*.

1.1. Problem formulation, notation, and assumptions. With these motivating examples
in mind, we now turn to a more precise mathematical formulation of the estimation problem
introduced above.

1.1.1. Assumptions on the random variables (,w). Let us start by discussing properties
of the random operator T¢. In the examples previously introduced, the domain of the obser-
vation operator Ty was either a subset of R, or more generally, a subset of the sequence
space /2(N). The bulk of our analysis focuses on the finite-dimensional setting —i.e., with
domain R%—so that T¢ can be identified with a random matrix R™*?, for some pair (n,d)
of positive but finite integers. However, as we highlight in Section 3.2, simple approxima-
tion arguments can be used to leverage our finite-dimensional results to determine minimax
rates of convergence for estimating an element 6* of the infinite-dimensional sequence space
2(N).

In terms of the probabilistic structure of T¢, we assume the random element & lies in the
measurable space (2,€), and is drawn from a probability measure P on the same space.
Throughout we take £ to be large enough such that linear functionals of 7T are measurable.

As for the noise vector w € R™, we assume it is drawn—conditionally on é&—from a noise
distribution with conditional mean zero, and bounded conditional covariance. Formally, we
assume that w ~ v(- | £) where v is a Borel regular conditional probability on R™ that satis-
fies the following two conditions:

(N1) For P-almost every & € Z, we have {wv(dw | £) = 0; and
(N2) For P-almost every ¢ € =, we have

f(uTw)2 v(dw| &) <u'Syu, for any fixed u € R".

We write that the measure v lies in the set P(X,,) when these two conditions are satisfied.

In words, Assumption (N1) requires that w is conditionally centered, and Assumption (N2)
assumes that the conditional covariance of w is almost surely upper bounded in the semidef-
inite ordering by >,,. Let P x v denote the distribution of the tuple (£, w); in explicit terms,
writing (§,w) ~ P x v means that { ~ P and w | £ ~ v(- | €). Having specified the joint law
of (£, w), the random variable y then satisfies the stated observation model (1).

1.1.2. Decision-theoretic formulation. In this paper, our goal to estimate 6* to the best
possible accuracy as measured by a fixed quadratic form. To make this rigorous, we introduce
two symmetric positive definite matrices K, and K., which induce (respectively) the squared
norms

101, =<0, Kc0) and [0]7, - =<0, K:0),

defined for any § € R?. We seek estimates 0 of 6* that have low squared estimation error
|0 — 6~ H%( , as defined by the matrix K. In parallel, we assume that underlying parameter is
bounded in the constraint norm, so that it lies in the ellipse

00, Ke) = {0 R : 0]+ <o}
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with radius R, as defined by the matrix K.
With this notation in hand, the central object of study in this paper is the minimax risk

(3) m(T,P, EwaQ7Ke7KC) = Hlf sSup E({,w)~IP’><1/ [”5_0*“%{6]7
0 6*€0(o,K.)
veP ()

where the infimum ranges over all measurable functions =0 (T¢,y) that map the observed
pair (T¢,y) to R<. Note that by straightforward rescaling arguments, one can always take one
of the three operators (X, K., K.) to be equal to the identity. Moreover, one can “absorb”
the radius g into the constraint matrix K. so that without loss of generality it is equal to 1. For
convenience in deriving results in particular problems, we have presented our main results
without making these reductions.

1.2. Examples of choices of sampling laws, constraints and error norms. As discussed
previously, our general theory accommodates various forms of the random linear operators
T¢. As might one expect, the sampling law P for { changes the statistical structure of the
observations, and so influences the quality of the best possible estimates. Moreover, the in-
teraction between P and the geometry of the error norm, as defined by the matrix K., plays
an important role. Finally, both of these factors interact with the geometry of the constraint
set, as determined by the matrix ..

Below we discuss some examples of these types of interactions. To be clear, each of these
statistical settings have been considered separately in the literature previously; one benefit of
our approach is that it provides a unifying framework that includes each of these problems as
special cases.

EXAMPLE 5 (Covariate shift in linear regression). Recall the set-up for linear regression,
as introduced in Example 1. In practice, the source distribution from which the covariates z
are sampled when constructing an estimate of 6* need not be the same as the rarget distribu-
tion of covariates on which the predictor is to be deployed. This phenomenon—a discrepancy
between the source and target distributions—is known as covariate shift. It is now known to
arise in a wide variety of applications (e.g., see the papers [43, 39] and references therein for
more details).

As one concrete example, in healthcare applications, the covariate vector = € R might
correspond to various diagnostic measures run on a given patient, and the response y € R
could correspond to some outcome variable (e.g., blood pressure). Clinicians might use one
population of patients to develop a predictive model relating the diagnostic measures z to the
outcome y, but then be interested in making predictions for a related but distinct population
of patients.

In our setting, suppose that we use the linear model 6 — ¢ := (f, x) to make predictions
over a collection of covariates with distribution (). A simple computation shows that the
mean-squared prediction error, averaging over both the noise w and random covariates z,
takes the form

E[7-vy)?*]=0- 0*) TS0 (0 — 0%) +c, where X = Eg[r®x],

.

~- -

= LQ (é\ﬁ*)

and c is a constant independent of the pair (6, 60*). Thus, the excess prediction error over the
new population () corresponds to taking K. = ¢ in our general set-up. Similarly, if one
wanted to assess parameter error, then studying the minimax risk with the choice K, = I
would be reasonable. Finally, the error in the original population (denoted P) can be assessed
with the choice K, = ¥p = Ep[z ® x].
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Among the claims in the paper of Mourtada [51] is the following elegant result: when no
constraints are imposed on 6*, the minimax risk in the squared metric Lg (0, 0*) = |6 —6* H%Q
is equal to

2

@) inf sup E [LQ(é, 9*)] = L EB[Tx(;'50)],

9 0*cR4 n
where 3, denotes the sample covariance matrix (1/n) " | z; ® x;, and the expectation is
over xi,..., Ty 0 p Thus, the fundamental rate of estimation depends on the distribution

of the sample covariance matrix, the noise level, and the target distribution Q).

In this paper, we derive related but more general results that allow for many other choices
of the error metric and, perhaps more importantly, permit the statistician to incorporate con-
straints on the parameter 6*. We demonstrate in Section 3.1.3 that these more general results
allow us to recover the known relation (23) via a simple limiting argument where the con-
straint radius tends to infinity.

EXAMPLE 6 (Nonparametric regression with non-uniform sampling). Consider observ-
ing covariate-target pairs {(x;,y;)}]—,; where y; is modeled as being a noisy realization of
a conditional mean function; i.e., we have y; = f*(z;) + w; where f*(z) = E[Y | X = z],
analogously to Example 2. When f* is appropriately smooth and the covariates are drawn
from a uniform distribution over some compact domain, this problem has been intensively
studied, and the minimax risks are well-understood. However, when the sampling of the co-
variates x; is non-uniform, the possible rates of estimation can deteriorate drastically—see
for instance the papers [22, 23, 24, 25, 31, 2].

Using tools from the theory of reproducing kernel Hilbert spaces (RKHSs), one can formu-
late this problem as an infinite-dimensional counterpart to our model (1), where the constraint
parameters (o, K) are determined by the Hilbert radius and the eigenvalues of the integral
operator associated with the kernel. Although formally our minimax risk is defined for finite
dimensional problems, via limiting arguments, it is straightforward to obtain consequences
for the infinite-dimensional problem of the type discussed here, which discuss in Section 3.2.

EXAMPLE 7 (Covariate shift in nonparametric regression). Combining the scenarios in
Examples 5 and 6, now consider the problem of covariate shift in a nonparametric setting.
We observe samples (x;,y;) where the covariates have been drawn according to some law P,
and our goal is to construct a predictor with low risk in the squared norm defined by some
other covariate law ().

In our study of this setting, the constraint set is determined by the underlying function
class in a manner analogous to Example 6, and the error metric is determined by the new dis-
tribution of covariates on which the estimates must be deployed, analogously to Example 5.
Some recent work has studied general conditions on the pair (P, Q) and the corresponding
optimal rates of estimation [40, 26, 53, 45, 56, 63, 57, 27]. Among the consequences of our
work are more refined results that are instance-dependent, in the sense that we characterize
optimality for fixed pairs (P, @), as opposed to optimality over broad classes of (P, () pairs.
See Section 3.2.3 for a detailed discussion of these refined results.

The examples above share the common feature of being problems where estimating a
conditional mean function is able to be formulated within the observation model (1). Addi-
tionally, in these examples, the fundamental hardness of the problem depends on both the
structure of this function (modelled via assumptions on 6*) as well as the distribution of the
covariates. The goal of this paper is to build a general theory for these types of observa-
tion models, which elucidates how both the structure of 8* as well as the covariate law P
determine the minimax rate of estimation in finite samples. In Section 3, we give concrete
consequences of our general results for these types of problems.



1.3. Relation to prior work. Let us discuss in more detail some connections and relations
between our problem formulation and results, and various branches of the statistics literature.

Connections to random design regression. As shown by the examples discussed so far, our
general set-up includes, among other problems, many variants of random design regression.
This is a classical problem in statistics, with a large literature; see the sources [32, 61, 33] and
references therein for an overview. The recent paper [51] also studies the analogous problem
studied here when the vector 6™ is allowed to be arbitrary; the only assumption made is that
6* € R%. In this case, it is possible to use tools from Bayesian decision theory to exhibit
the minimax optimality of the ordinary least squares (OLS) estimator [51, Theorem 1]. In
Section 3.1.3, we demonstrate how to obtain this result as a corollary of our more general
results.

Note that in applications, such as those given by the preceding examples, it is important
that there is a constraint on 6*. For instance, in a nonparametric regression problem, the
parameter 8* denotes the coefficients of a series expansion corresponding to a conditional
mean function f*(z) = E[Y | X = z] in an appropriate orthonormal family of functions.
In this case, constraints are in fact necessary: to have consistent estimation, compactness is
essential—see the monograph [36, Theorem 5.7] for further details.

Finally, we also comment on the similarity of our results to the paper [37]. Specifically,
our main results can be compared to their Theorem 2.1. There are a few differences: first,
in the paper [37], they study “fixed design” problems, whereas our formulation allows us to
simultaneously treat both random and fixed design problems with the same analysis tools.
Secondly, even restricting to the fixed design setup, our results are stronger than theirs, in
the case of an ellispoidal constraint set. Their Theorem 2.1 shows that linear estimates only
achieve the minimax rate within ellipsoid-dependent logarithmic factors; our result, on the
other hand, demonstrates that linear estimates are order-optimal with factors which are uni-
versal—they depend on neither the dimension nor the ellipsoid under consideration. In fact,
to the best of our knowledge, our result—even specialized to fixed design—is the first to treat
observation operators and constraint sets given by matrices that do not commute. Previous
results requirde stronger assumptions to attain (near) rate-optimality.

Random design and Bayesian priors. When the the norm of the vector #* is constrained,
there are relatively few minimax results in the random design setting. On the other hand, a
related Bayesian setting has been studied. In this line of work, the definition of the minimax
risk is altered so that the “worst-case” supremum over 6* in the constraint set is replaced with
a suitable “average”—namely the expectation over 8* drawn according to a prior distribution
over the constraint set.

In addition to the clear differences in the formulation, this line of work exhibits two main
qualitative differences from our paper. First, these Bayesian results have primarily been es-
tablished in the proportional asymptotics framework, in the ratio d/n is assumed to converge
towards some aspect ratio v > 0 as both (d, n) diverge to infinity. Secondly, by selecting “nice
priors”, it is possible to leverage certain properties—for instance, equivariance to some group
action—that can hold for both the prior and covariate law. On the other hand, our setting is
somewhat more challenging in that we make no a priori assumptions about the covariate law
and its relationship to the constraint set.

In more detail, when the covariates are drawn from a multivariate Gaussian, for certain
constraint sets, it is possible to find a prior such that the minimax and Bayesian risks coin-
cide. As one example, Dicker [17] studies the asymptotic minimax risk when the ratio d/n
is allowed to grow, and by using equivariance arguments, he obtains asymptotically minimax
procedure. Proposition 3(b) in his paper gives a prior for which the minimax and Bayesian
risks coincide. The thesis [50, Corollary 8.2] provides a matching asymptotic lower bound.
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The relation between Bayes and minimax risks in this line of work cannot be expected in
general, as the arguments repose critically on the rotation invariance of the standard multi-
variate Gaussian. Moreover, this and other classical work on random design regression using
Gaussian covariates typically hinges on special, closed-form formulae for quantities related
to the distribution of the sample covariance matrix (see, e.g., the papers [58, 12, 1]).

Fixed design results. Although we focus on minimax estimation of the unknown parameter
0* in the random design setting, we note that the related fixed design setting is well studied.
In fact, in classical work, Donoho studied a very similar operator-based observation model
to the one considered here; a key difference is that in that work, the focus is on estimating a
(scalar-valued) functional of 6* [18].

By sufficiency arguments, our problem, when instantiated in the setting of fixed design
with Gaussian noise, is equivalent to mean estimation on an elliptical parameter set. It is
therefore related to classical work on sharp asymptotic minimax estimation in the Gaussian
sequence model [54, 30, 20, 19, 5, 28, 29]; see also the monograph [36] for a pedagogi-
cal overview of this topic. These works extend the classical line of work on estimating a
constrained (possibly multivariate) Gaussian mean [15, 9, 48, 7, 46]. We refer the reader to
references [47, 21], which contain a more thorough overview of prior work on minimax es-
timation of a parameter when a notion of ‘signal to noise ratio’ is fixed. Of course, applying
an optimal fixed design estimator cannot be expected to yield an optimal random design es-
timator in general. This is because in the fixed design formulation, the worst-case 6* could
adapt to a single design matrix, whereas in the random design formulation, the worst-case 6*
must adapt to the random ensemble of design matrices induced by sampling n samples in an
IID fashion from a fixed covariate law.

2. Main results. We now turn to the presentation of our main results, which are upper
and lower bounds on the minimax rate of estimation as defined in display (3), matching up to
a constant pre-factor. These bounds are presented in Section 2.1.

2.1. General upper and lower bounds. Our general upper bounds are stated as the fol-
lowing functional of the distribution of the operator T%; the noise covariance XJ,,; the con-
straint norm, as determined by the pair (¢, K.); and the estimation norm, as defined by the
operator K.,

S) O(T,P,Eu, 0, Ke, Ke)
— Sup{ ETr (Kel/Q(Q_l + ngngg)—lKel/Q) Q> 0, Tr(K, V20K, 12) < o }
Q
Our first main result is a general upper bound.

THEOREM 1 (General minimax upper bound). The minimax risk is upper bounded as

(6) M(T, P, X, 0, Ke, Ke) < O(T, P, X, 0, Ke, Ke).

See Section 4.1 for the proof.

Our second result is a complementary lower bound.

THEOREM 2 (Lower bound). The minimax risk is lower bounded as

1

(7) m(T7P72w797 K67KC) = (I)(T7]P)7 Ewa %7K67KC) = Z (D(Ta]P)va7Q7 K67KC)'
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See Section 4.2 for the proof.

Note that the functional on the righthand side of the display (7) above matches the quan-
tity appearing in our minimax upper bound (6). Thus, in a nonasymptotic fashion, we have
determined the minimax risk for this problem up the prefactor 1/4.

Sharper lower bound constants. The constant appearing in the lower bound (7) can typically
be substantially sharpened. To describe how this can be done via our results, fix a scalar
7 € (0, 1] and a symmetric positive definite matrix €2, and let Z € R¢ be vector of IID standard
Gaussians. Define the scalar

d
c=m(1-P{r* Y N2} > 1}),
i=1

where {\;}%_, are the the eigenvalues of the matrix (1/¢%)K."/2QK.'/2. Then, we are able
to establish the following minimax lower bound,

1
®) M(T,P, %y, 0, K., K.) > ETr (Kem(gfrl 4 ngngg)*lK;ﬂ)’

provided that the parameter 7 € (0, 1] and the symmetric positive definite matrix €2 is such
that Tr(K, 2QK,1?) = o2

With appropriate choices of the pair (7,€2), the lower bound (8) can lead to pre-factors
that are much closer to 1, and in some cases, converge to one under various scalings. In
Section 3.1.1, we give one illustration of how the family of bounds (8) can be exploited to
obtain an improvement of this type.

Form of an optimal procedure. Inspecting the proof of Theorem 1—specifically, as a con-
sequence of Proposition 3—if the supremum on the righthand side of (5) is attained at the
matrix 2, then the following estimator, in view of the lower bound (7), is near minimax-
optimal,

9) 0(Te,y) = (1 + TT S, Te) T S,y

It is perhaps instructive to write this estimator in its “ridge” formulation

~

0(Te,y) = argmin { |y — Teo |2, + 1013 |-
YeR4

In the language of Bayesian statistics, our order-optimal procedure is a maximum a posteriori
(MAP) estimate for 0* when y ~ N (T¢6*,%,,) and the parameter follows the prior distribu-
tion 6* ~ N (0, 2,). The optimal prior is identified via the choice of €2, which is determined
by the functional appearing in Theorems 1 and 2. If the supremum in (5) is not attained, then
by selecting a sequence of matrices {2; that approach the maximal value of the functional,
one can similarly argue there exists a sequence of estimators that approach the order-optimal
minimax risk.

2.2. Independent and identically distributed regression models. An important applica-
tion of our general result is for independent and identically distributed (IID) regression mod-
els of the form

(10) yi =0%,0(x;)) + 0z, fori=1,... n.

Above, we assume that z; are independent and identical draws from a fixed covariate distri-
bution P, on some measurable space &', and that ¢: X — RY. The covariates {x; ., are
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independent and the conditional distribution of z | x is an element of P(I,). The parameter
o > 0 indicates the noise level; it is an upper bound on the conditional standard deviation of
yi — <0, ¢(55z)>

For the model described above, the following minimax risk of estimation provides the best
achievable performance of any estimator, when 0* lies in a compact ellipse and the error is
measured in the quadratic norm

Ay P (v, Po,o® Ko K. ) =inf sup  B[8y,a7) - 0" |.
0 0*cO(0,K.)
veP(a?1,)
Note that this problem can be formulated as an instance of our general operator formula-
tion (1) where we take y = (y1,...,yn), W = 0(21,...,2n), and £ = (x1,...,x,), so that
[P = P". The operator T is given by the n x d-matrix with rows Y(x;)T. In this context the
following random matrix, which is a rescaling of the operator Tg Tg, plays an important role:

(12) EZ (i) @Y ().

3

In order to state the consequence of our more general results for this problem, let us intro-
duce a functional. We denote it by d,, to indicate that it is essentially an “effective statistical
dimension” for this problem,

(13)  du(®, P, 0,02, K., K.) :=supQ{TrEpn[K,}/Q(En+Q’1)’1Kﬁl/2] Q> 0, Tr(K, V20K 1?) < 9}

Then an immediate corollary to Theorems 1 and 2 is the following pair of inequalities for the
IID minimax risk.!

COROLLARY 1. Under the IID regression model (10), the minimax rate of estimation as
defined in equation (11) satisfies the following inequalities,

0.2

102
(14) Z ;dn(d)apa o, 027K67Kc) < dn(d}apv §a02’Ke)KC)

n
g
gng (%R Q)U27K67KC> < ;dn@ﬁ’Pv QuO-Q)KE)KC)'

So as to lighten notation, in the sequel, when the feature map < is the identity mapping
() = , we drop the parameter 1) from the functional d,, and the minimax rate !

2.3. Some properties of the functional appearing in Theorems 1 and 2. As indicated by
Theorem 1 and the subsequent discussion, the extremal quantity

(15) sgp{ ETr (Kg/?(a—l + TJE;ITS)‘IKEW) 0>0, Tr(K, QK ?) <o }

is fundamental in that it determines our minimax risk; moreover when the supremum is at-
tained, the maximizer defines an order-optimal estimation procedure (see equation (9)). Con-
veniently, it turns out that the maximization problem implied by the display (15) is concave.

1Strictly speaking, this result follows immediately if we had defined the minimax risk over estimators which
are measurable functions of the variables {(y;, ¥ (x;))}. Nonetheless, since our lower bounds use Gaussian noise,
the stated inequalities hold even when defining the minimax risk for estimators which operate on {(y;,x;)}, by a
standard sufficiency argument.
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PROPOSITION 1 (Concavity of functional). The optimization problem

maximize  f(2) = TrE[KM(Q7 ' + TT, ') 7 K./?]

(16)
subjectto >0, Tr(K, Y?QK, %)< 0%,

is equivalent to a convex program, with variable ). Formally, the constraint set above is
convex, and function f is concave over this set.

See Appendix A.1 in the supplementary material for the proof.

Note that this claim implies that, provided oracle access to the objective function f appear-
ing above, one can in principle obtain a maximizer in a computationally tractable manner, by
leveraging algorithms for convex optimization [11].

The functional (15) depends on the distribution of TgT E;ng. In general, Jensen’s inequal-
ity along with the convexity of the trace of the inverse of positive matrices [8, Exercise 1.5.1]
implies that it is always lower bounded by

(17) s?lp{ Tr (Kel/Z(Q_l n ETJE;ng)_lKem) Q> 0, Tr(K.V2QK,?) < o }

Comparing displays (15) and (17), we have simply moved the expectation over ¢ into the
inverse. For certain IID regression models, as described in Section 2.2, we can give a com-
plementary upper bound. To state our result, we define

(18) dn(P,0,0% K¢, K,) = Supg{ Tr (K2(Epn 2, + QY TKY?) 1 Q> 0, Tr (K V20K ?) < ZL} .

Note that this quantity only depends on the distribution P" through the matrix Ep» 33,,.

PROPOSITION 2 (Comparison of d,, to d,,). Define k to be the P-essential supremum of
x> | K 20(x)|2. If k < o0, then for any o > 0,0 > 0, we have
2,2

A, P,0,0%, Koy o) < (4, P 0,07, Ko 60) < (14 S5 ) du(8h, P, 0%, Ko, K).

Unpacking this result, when Ki/ 21/)(95) is essentially bounded, we see that the functionals d,,
and d,, are of the same order when the signal-to-noise ratio satisfies the relation g—z < é
As mentioned above, the first inequality is a consequence of a generic lower bound, while
the upper bound is a consequence of a new operator inequality for random positive definite

matrices, presented as Theorem 3 in Appendix A.2 in the supplementary material.

2.4. Asymptotics for a diverging radius. In this section, we develop an asymptotic limit
relation for the minimax risk (3) as the radius g of the constraint set ©(p, K.) tends to in-
finity. The relation reveals that the lower bound constant 1/4 appearing in the lower bound
Theorem 2 can actually be made quite close to 1 for large radii.

COROLLARY 2. Suppose that Tg Yol T ¢ is P-almost surely nonsingular. Then the mini-
max risk (3) satisfies

m(T7 P? E’UH 0, K€7 KC) = (1 - 0(1)) q)(T7 Pa E’wa 0, K87 KC)7 as g — 0.
See Appendix A.3 in the supplement for a proof of this claim.

An immediate consequence is that for IID regression settings as in Section 2.2, we have
the following limit relation.
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COROLLARY 3. Suppose that that the empirical covariance matrix %, from equa-
tion (12) is P™-almost surely invertible. Then, the minimax risk for an IID observation
model (10) satisfies the relation

2
g
MU (4, P o, 0% Koy o) = (1= 0(1)) T=du (4, P.0, 0% Ko KoL), as 0 — .

3. Consequences of main results. In this section, we demonstrate consequences of our
main results for a variety of estimation problems. In Section 3.1, we develop consequences
of our main results for problems where the underlying parameter to be estimated is finite-
dimensional. In Section 3.2, we develop consequences of our main results for problems where
the underlying parameter is infinite-dimensional. In both cases, we are able to derive minimax
rates of estimation, which to the best of our knowledge, are not yet in the literature. Addi-
tionally, we are also able to re-derive classical as well as recent results in a unified fashion
via our main theorems.

3.1. Applications to parametric models. We begin by developing the consequences of
our main results for regression problems where the statistician is aiming to estimate a finite-
dimensional parameter. Sections 3.1.1, 3.1.2, and 3.1.3 concern IID regression settings of the
form described in Section 2.2. In Section 3.1.4, we consider a non-IID regression setting.

3.1.1. Linear regression with Gaussian covariates. As in the prior work [17], consider
a random design IID regression setting of the form presented in the display (10), but with

. . . 11D .
Gaussian data. Formally, we assume Gaussian noise, so that z; ~ N (0, 1), and Gaussian

covariates, so that z; "~ N (0,14) and 9 (x) = x. Here = and z are assumed independent.
Then we define

T(n7 da 0, U) = H,l\f sup E [Hé\_ HH%]? and dDicker(n; d7 0, G) =TrE [(En + ﬁi]d)_l}
0 loll2<e

where the expectations are over the Gaussian covariates and noise pairs {(x;,2;)}1_;. These
quantities correspond, respectively, to the minimax risk and the worst-case risk (rescaled by
n/o?), of a certain ridge estimator [17, Corollary 1] on the sphere {|0|2 = o}.

Dicker [17, Corollary 3] proves the following limiting result. Under the proportional
asymptotics d/n — -, where the limiting ratio -y lies in (0, c0), the minimax risk satisfies

2

(19) hm ’I”(?’L,d, Qaa) - idDiCker(’nﬂdv Qaa) = 07
d/n—~ n

for any radius ¢ > 0 and noise level o > 0.
Let us now demonstrate that our general theory yields a nonasymptotic counterpart of this
claim, and taking limits recovers the asymptotic relation (19).

COROLLARY 4. For linear regression over the p-radius Euclidean sphere with Gaussian
covariates, the minimax risk satisfies the sandwich relation

(20a)
2 2 2

o o o
cd ?dDiCker(nady 0,0) < ?dDicker(nady Vcqo,0) <r(n,d,p,0) < ;dDicker(nvdy 0,0),
where

- —exp(—L) d=2
(20b) cd.—{1/4 i1
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Note that since cg = (1 — O(1/d)) as d — oo, the inequalities (20a) allow us to immediately
recover Dicker’s result. It should be emphasized, however, that Corollary 4, holds for any
quadruple (n,d, 0,0). In particular, it is valid in a completely nonasymptotic fashion and
with explicit constants.

We now sketch how this result follows from our main results. As calculated in Ap-
pendix B.1.1 in the supplement, our functional for this problem satisfies

(Zla) dn(N (07 Id) y 0, 027 [d7 Id) = dDicker(”v d7 0, O').
Hence, our Corollary 1 implies the following characterization of the minimax risk,>

1 o2 o? 9
(21b) Z ;dDiCker(na d: 0, U) < 74(”7 d7 0, U) < ;dDiCker(’nﬂ d7 0,0 )

To establish our sharper result (20a), we leverage the stronger lower bound (8). The details
of this calculation are presented in Appendix B.1.2 in the supplementary material. Note that
in Section 5.1.1, we simulate this problem and find that as suggested by Corollary 4, that,
indeed, the gap between our upper and lower bounds is tiny, even for problems with small
dimension (see Figure 1).

3.1.2. Underdetermined linear regression. Consider observing samples from a standard
linear regression model; that is, we observe pairs {(z;,;)} according to the model (10), with
¥ (x) = . A practical scenario in which some assumption regarding the norm of the underly-
ing parameter is necessary is when the sample covariance matrix 3J,,, defined in display (12)
is singular with positive P"-probability. This occurs if n < d, or if there is a hyperplane
H c R% such that « ~ P lies in H with positive probability.

In this setting, the correct dependence of the minimax risk on the geometry of the con-
straint set and the distribution of sample covariance matrix is relatively poorly understood.
For simplicity—although our results are more general than this—let us assume that error is
measured in the Euclidean norm and that it is assumed that the underlying parameter 8* has
Euclidean norm bounded by g > 0, and that the noise is independent Gaussian with variance
2. Then Corollary 1 demonstrates that

R 2 2 2
inf sup E[|§—0)2] = T dn(P, 0,02, 11, 1) = L sup{ TrEp.[(8,+0) ] : Tr(Q) < @}

~ 2
6 [0]2<e n n a>0 o

Taking ) = %g—ZI 4> we obtain the following lower bound on the minimax risk for any covari-
ate law P,

(22)
d d
o? o2 d 17 — o2 1 . g% d 0® ) o’ d
C T Ep [(S,+ % 41,) '] =B [Z o AL > ;?}} +E [Z E1{0(Z,) < 24}
i=1 i=1
~ ~~ - N ~~ -
Estimation error from Approximation error due
large eigenvalues of X, to small eigenvalues of X,,

The lower bound (22) is sharp in certain cases. For instance, when x; DN (0,1;) but there
are fewer samples than the dimension, so that n < d, it is equal to the minimax risk up to
universal constants, following the same argument as in Section 3.1.1.

Note that above, A; denotes the ith largest (nonnegative) eigenvalue of a symmetric pos-
itive semidefinite matrix. One possible interpretation of this lower bound is as follows: the

2Although Corollary 1 takes the supremum over a larger family of noise distributions, note that our lower
bounds are obtained with Gaussian noise, so that the result applies even if we restrict to Gaussian noise.
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first term indicates the estimation error incurred in directions where the effective signal-to-
noise ratio is high; on the other hand, the second term indicates the bias or approximation
error that must be incurred in directions where the effective signal-to-noise ratio is low. In
fact, the message of this lower bound is that in these directions, no procedure can do much
better than estimating O there. One concrete and interesting takeaway is that if >J,, has an
eigenvalue equal to zero, it increases the minimax risk by essentially the same amount as if
the eigenvalue were positive and in the interval (0, %2 %).

3.1.3. Linear regression with an unrestricted parameter space. In recent work, Mour-
tada [51] characterizes the minimax risk for random design linear regression problem for
an unrestricted parameter space. Consider observing samples {(x;,v;)}"_; following the IID
model (10) with 1)(x) = x, where the covariates are drawn from some distribution P on R,
As argued by Mourtada (see his Proposition 1), or as can be seen by taking ¢ — o0 in our
singular lower bound (22) from Section 3.1.2, if we impose no constraint on the underlying
parameter 6, then it is necessary to assume that the sample covariance matrix ¥, is invert-
ible with probability 1 in order to obtain finite minimax risks. Theorem 1 in Mourtada’s paper
then asserts that under this condition, we have

. n * |2 0—2 —1
(23) inf swp  E|[|d 0|3, | = B[ Tz sp)],
0 ¢eR? : n
veP(o%1,)

where the expectation is over the data {(z;,y;)}!",, and ¥p := Ep[z ® x] is the population
covariance matrix under P.

We now show that this result, with the exact constants, is a consequence of our more
general results. We focus on establishing the lower bound, because it is well-known (and
easy to show) that the upper bound is achieved by the ordinary least squares estimator.® Thus
for the lower bound, our results imply that

;P]>zup{iqf sup E[Hé—H*HZEP]}

(24a) inf sup E [Hé\— 0*
0

0*eR? >0 0 ]6*]2<e
veP(o21,) veP(a1,)
02
(24b) = — lim d,,(P,0,0% %p, 1y).
n o—w

In order to obtain the relation (24b), we have used the fact that the constrained minimax
risk over the set {||0* |2 < o} is nondecreasing in p > 0, and have applied our limit relation
in Corollary 3. A short calculation, which we defer to Appendix B.1.3 in the supplement,
demonstrates that

(25) lim dn (P, 0,0%, %p, 1) = B[ Tr (S, 2p)].
Q—)

Thus, after combining displays (24b) and (25), we have obtained the lower bound in Mour-
tada’s result (23). One consequence of this argument is that the inequality (24a) is, as may be
expected, an equality. That is, we have

inf  sup E[Hé_e*yy;]:sup{igf sup E[Ha_m;;]}.
0 6cRY Ple>0 U d |or)a<e i
veP(o%1,) veP(o?1,)

3Alternatively, note that if we define §Q to be the order-optimal estimator we derive for the constraint set
{HG"H% < 92} (see equation (9), with K¢ = I, ¥y = 0'2[d, and T¢ = X, where X is the design matrix.), then
it converges compactly to the ordinary least squares estimate as 9 — 00.
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Note that establishing this equality directly is somewhat cumbersome, as it requires essen-
tially applying a form of a min-max theorem, which in turn requires compactness and conti-
nuity arguments.

3.1.4. Regression with Markovian covariates. We consider a dataset {(z,y)}/_, com-
prising of covariate-response pairs. The covariates are initialized with zo = 0, and then pro-
ceed via the recursion

(26) e =A/rexe1+1—rze fort=1,...,T,

for some collection of parameters {r;}7_; < [0, 1], and family of independent standard Gaus-
sian variates {z;},_,. By construction, the samples {x;}]_, form a Markov chain—a time-
varying AR(1) process with stationary distribution being the standard Gaussian law. At the
extreme 7, = 0, the sequence {z; »_, is IID, whereas for ; € (0, 1), is a dependent sequence,
and its mixing becomes slower as the parameters {r;} get closer to 1. In addition to these
random covariates, suppose that we also observe responses {yt}thl from the model

(27) yr = 140" + owy, fort=1,...,T,

where o > 0 is a noise standard deviation, and the noise sequence {w;}’_; consists of IID
standard Gaussian variates. We assume that z; and x; are independent forallt =1,...,T.

We now describe how our main results apply to this setting. Let us define a matrix M €
R7*T which is associated to the dynamical system (26). It has entries

t

T
(28) Moo= ). \fesCor, where cy=(1—7,) [ rr.

t=svs’ T=s+1

To give one example, in the special case that 7, = a € (0,1) for all ¢, then the matrix M is
similar under permutation to the matrix with entries

My = Vol = /o™,

Evidently, this matrix is a rank-one update to the covariance matrix for the underlying AR(1)
process (i.e., the Kac—-Murdock—Szegd matrix [38]); it is easily checked to be symmetric
positive definite.

We now state the consequences of our main results for this problem.

COROLLARY 5. The minimax risk for the Markovian observation model described above
satisfies

~ 1 2T Mz\—1
29 inf E[(0 —0*)?] = o7 (o, :=E[+ ]
*) 5 wice (0= 0] = arle0) (92 o? )

See Appendix B.1.5 of the supplement for details of this calculation.

Note that in the result above, the expectation on the lefthand side is over the dataset
{(z,y:)}]_,, under the Markovian model (26) for the covariates, and the expectation on
the righthand size is over the Gaussian vector z = (21, ...,27) ~ N (0, I7). Corollary 5 gives
one example of how our general results can even establish sharp rates for regression problems
of the form described in Section 2.2, but with additional dependence among the covariates.

Additionally, we note that with 72 = 02 /02, we have by simple integration that

2 [ 24377 log(1 + ul
QT(9,0)=UQJ eXp{—W +Zt=120g( o t)}du,
0

where {\¢}e[7] denote the eigenvalues of the matrix M.
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3.2. Applications to infinite-dimensional and nonparametric models. In this section, we
derive some of the consequences of our main results for infinite-dimensional models, such
as those arising in nonparametric regression. The basic idea will be to identify an infinite
dimensional parameter space O, typically lying in the Hilbert space ¢?(IN). We then find a
nested sequence of subsets

@1C@2C‘~C@kC~~C@,

where Oy, are finite-dimensional truncations of ©. Under regularity conditions, we can show
that the minimax risk for the k-dimensional problems converge to the minimax risk for the
infinite dimensional problem as k& — co. Thus, since we have determined the minimax risk
for each subset ©f up to universal constants (importantly, constants independent of the un-
derlying dimension), we take the limit of our functional in the limit £ — o0 to obtain a tight
characterization of the minimax risk for the infinite-dimensional set O.

In the next few sections, we carry this program out in a few examples. We begin with
a study of the canonical Gaussian sequence model in Section 3.2.1. We then turn, in Sec-
tions 3.2.2 and 3.2.3, to nonparametric regression models arising from reproducing kernel
Hilbert spaces. In this setting, we are able to derive some classical results for Sobolev spaces,
derive new and sharper forms of bounds on nonparametric regression with covariate shift,
and obtain new results for random design nonparametric models with non-uniform covariate
laws.

3.2.1. Gaussian sequence model. In the canonical Gaussian sequence model, we make a
countably infinite sequence of observations of the form
(30) yi =07 + €z, fori=1,2,3,...

Here the variables {z;} are a sequence of IID standard Gaussian variates, and ¢ = {¢;} in-
dicate the noise level (i.e., the standard deviation) of the entries of the observation y. It is
typically assumed that there is a nondecreasing sequence of divergent, nonnegative numbers
a = {a;} and radius C' > 0 such that

0* € 0(a,C) = {ee RN: Y 0202 < 2 }
j=l
The minimax risk for this problem is then defined by

EDI(&@,C) = ir;fe*es(;lgc E[i 5 ]

where the expectation is over y according to the observation model (30).
Let us define a k-dimensional truncation,

Ok(a,C) = {ee@(a,c):aj —0, forall j > k}

Evidently ©y,(a,C) may be regarded as a subset of R*. Note that the class {O(a,C)}r=1
forms a nested sequence of subsets within ©. Moreover, we can define the minimax risk for
the k-dimensional problem

imk(a,a,C) =inf sup [i 5 ]

§ 0rcOk(a,C) T
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Slightly abusing notation, above we regard y,0* € R*, where y is distributed as the first &
components of the observation model (30). Then, this sequence of minimax risks satisfies the
limit relation

31) lim o <€,a,C’> - m({ej};?il,@(a,c*)).

See Appendix B.2.1 for a proof of this relation. The k-dimensional problem can be seen as a

special case of our operator model (1), with parameters T®) 21(5 ), K. L0k, K. %) defined
as,

17®) (&) = I, 2 — diag(e?,...,e2), K® =1,

K® — diag< ! %), and, o =C.

727...’
aj ag,

(32)

Computing the functional (15) for the k-dimensional problem, we find it is equal to

koo12.2 k
(33) Ry (5,@,0) = Tsuka { Z T2]+]62 : Z sza? <C? }
1yeeey j=1"J J =1
Hence, define the following functional of € := {¢;},>1,a = {a;};>1,and C' >0,
© 2.2 ©
(34) R*(g,a,C) == sup { Z 7_2]+]€2 : Z T]-Qa? <C? }

={m} =1 T =1

Then our main results, Theorems 1 and 2 imply the sandwich relation
1
(35) ZR*(e,a,C) <fm<5,a,0> < R*(e,a,C).

See Appendix B.2.2 of the supplement for verification of this relation as a consequence of our
results. Note that this recovers a well-known result for the Gaussian sequence model [61, 36].
Some previous work [20] has shown that the lower bound constant can be slightly improved
to % by arguments specific to the Gaussian sequence model. Importantly, the Gaussian
sequence model is a “deterministic” operator model in the sense that the operator T¢ has
no dependence on ¢ for this problem. The next few examples show some consequences of
our theory for infinite-dimensional problems where the corresponding operator 7¢ is truly

random.

3.2.2. Nonparametric regression over reproducing kernel Hilbert spaces (RKHSs). In
this section, we consider a nonparametric regression model of the form

(36) yi = f(z;) +w;, fori=1,...,n.

We assume that {z;}!" ; are IID samples covariate law P and w; being conditionally centered
with conditional variance bounded above by o2. Equivalently, the noise variables are drawn
from a conditional distribution satisfying the noise conditions (N1) and (N2) with ¥, =
o?1,,.* We will assume that f* lies in a reproducing kernel Hilbert space #, and has bounded
Hilbert norm || f*||3 < 0. The goal is to estimate f*.

“The discussion below is unaffected by imposing additional structure on the noise, so long as the family of
possible noise distributions includes w ~ N <0, 02In>.
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Relating the RKHS observation model (36) with the model (10). We now show that
the observation model when f* € H is an infinite-dimensional version of the observation
model (10), as can be made precise with RKHS theory. Indeed, fix a measure space (X, A, v),
and a measurable positive definite kernel k: X x X — R and let H denote its reproducing
kernel Hilbert space [3]. Under mild regularity assumptions®, the RKHS # can be put into
one-to-one correspondence with a mapping of ¢2(N). Formally, we have

(38) H={f= 2 0/m0;] D, 02 <0 }.
j=1 j=1

for a nonincreasing sequence f; — 0 as j — oo, and for an orthonormal sequence {¢;} in
L?(v). This allows us to equivalently write the observations (36) in the form

(39) Yy =<0",®(x;)) +w;, fori=1,... n.

Above, we have defined the sequence 0 == (67)]2, and “feature map” ®(z) € ?2(N), by the
formulas
gr o LS (@)6,(@) dvia)
J \/m
With these definitions, note that the inner product in equation (39) is taken in the sequence
space 0 (N). From the display (39), we see that the RKHS observation model (36) is in fact
an infinite-dimensional version of the observation model (10). The remainder of this section
is devoted to deriving consequences of our results for this model by various truncation and
limiting arguments.

, and (@(:B))j:\/ﬁjqﬁj(x), for all j > 1.

Truncation argument for RKHS minimax risks. Given the RKHS ball By (o) == { geH:
lgll7 < 0}, our goal is to characterize the minimax risk

(40) M, (0,0% P):=inf sup E[Hf—f*}liz(y)]-

It should be noted here that the covariates are drawn from P and the error is measured in
L?(v). In classical work on estimation over RKHSs, it is typical to assume that P = v.
However, we develop in this section and in Section 3.2.3 some interesting consequences
of our theory when P # v, and so this generality is important for our discussion.

To apply our results to this setting, we need to define certain finite-dimensional truncations.
We start by defining

0
Hiom { = ) 05/l 10, =0, forall j >k |.

=1

>The elliptical representation (38) is available in great generality. Indeed, a sufficient condition is for the map
x — +/k(z,x) to lie in L2(1/). It can be shown [59, see Lemma 2.3] that in this case, H compactly embeds into

L?(v) and that there is a series expansion
0
(37) k(z,z') = Z i@ ()b («/), forany z,2’ € X.
=1

Here {uj }30:1 denotes a summable sequence of non-negative eigenvalues, whereas the sequence {qf)j }(;O:I is

an orthonormal family of functions X — R that lie in L2(1/). Finally, the series converges absolutely, for each
T, z' € X. Note that the infinite-dimensional series representation (38) of H follows from the series expansion of
the underlying kernel (37); see Cucker and Smale [16] for details.
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We then define the minimax risk over the the ball By (o) restricted to Hy,

41) fmff) 0,02, P) :=inf sup f—f* 22 i
L Blf =1
ve

In analogy to the limit relation (31) for the Gaussian sequence model, we can show that

(42) Jim M (0,0%, P) = My (0,02, P).
—00

See Appendix B.2.3 of the supplement for a proof of this relation. The k-dimensional prob-
lem associated with the risk (41) can be seen, using the representation (39), as a special case
of our IID observation model (10), with parameters, P, o, o and

(43)

1/}(‘%')_ ( ) (\//T]Qsj( ))] 1’ Ke = My, = diag(ﬂ1,-~-7/~6k), and K. = Ij.

Let us define the k£ x k empirical covariance matrix

12 xz ®¢)k xz)

3

Then the using (43), we see that the functional (13) for the k-dimensional problem is equal
to

2
(44) d®) = sup { TrEp. [M2(2® + 0~ )~1M2)  Tr(Q) < %}

Q>0 o
Characterizations of RKHS minimax risks of estimation. 'We now state the consequence of
our results for the rate of estimation (40).

COROLLARY 6. Define d), = limsup,_, ., dﬁ[“), where the sequence {d;k) }e=1 is defined

in display (44). Then the RKHS minimax risk satisfies satisfies the inequalities,
]‘ U * 2 *

(45) i —dr <M, (p,0% P) < —dn.
Note that this result is an immediate consequence of Theorems 1 and 2, together with the
limit relation (42).

We comment that Corollary 6 can also be written in a more appealing form. Indeed, al-
though we do not make use of it here, we comment that there is an “extrinsic” representation
of the rate description provided in this corollary. To define it, let us introduce

1 n
Sy = Epy[k(z,-) ®p k(z,-)] and Sn::ng(mi,-)@)ﬂk(ag,),

which are two positive self-adjoint operators H — H. Then, we have

2
46) M,(0,0%,P)=" sup TryEp» [SVQW(QWS”QW + ,;L;IH)*QW].
no o Qx0
Try (>Q):1
Let us now further simplify the characterization (45) in the classical situation where the
noise level dominates the Hilbert radius, we have P = v, and the map = — k(z,x) is P-
essentially bounded by a finite number « under P.
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COROLLARY 7. Suppose that P = v and x — k(x,x) is P-essentially bounded by k €
(0,00). If 0 = k% 0?, then the RKHS minimax risk satisfies

2

(47) M (0,02, P) = Tk,
n
where k,, = ky (0, 0) == max{k : Z?=1 i < %@22

See Appendix B.2.4 of the supplement for a proof of this claim.

We note that Corollaries 6 and 7 establish the nonasymptotic minimax risk of estimation
for the RKHS ball of radius p, apart from universal constants, in a fairly general fashion. The
latter claim permits easier calculation, at the expense of some slightly stronger assumptions.
One advantage to Corollary 6 is that it holds for any configuration of the noise level and
the Hilbert radius, in contrat to the prior work on the minimax rates for RKHS balls which
typically requires that the signal-to-noise ratio is sufficiently small.

Interestingly, we note that our characterizations—even the loosened characterization (47)—
does not need the kernel to satisfy an additional eigenvalue decay condition. Indeed, our re-
sults hold even if the kernel eigenvalues do not satisfy the requirement of a regular kernel as
proposed in prior work [64]. To emphasize this point, we now provide one concrete example
of an irregular kernel for which Corollary 7 provides, to our knowledge, a new result.

EXAMPLE 8 (Irregular kernel). Suppose that P = v and that the kernel eigenvalues sat-
. o 1 . . . .
isfy pj(o) = G g G for some « > 1. It is easily verified that the corresponding kernel

eigenvalues violates the regularity condition in the paper [64], since an elementary calcu-

lation shows for J sufficiently large, we have Zfi"l}”} 2 log(J), which diverges as J — 0.

Nonetheless, our result—specifically Corollary 7—establishes the optimal rate of estimation.
Assuming that z — 33 p;¢3(2) is P-almost surely less than € (0,00) and 0 > £?¢?, the
minimax rate for this kernel satsifies

~ 0—2
inf sup E|f— f*3py =B\ ——a—5 5
P 1f e < ) nlog®(ng?/o?)

where H,, denotes an RKHS corresponding to kernel eigenvalues 1¢;(c). The relation above
follows from a straightforward calculation which shows that the quantity k, appearing in

Corollary 7 is of the order 4/ Wm. To our knowledge, the minimax rate for kernels
having eigenvalues of this type was not previously known in the literature.

For a more classical example, we now record yet another consequence of Corollary 7.

EXAMPLE 9 (Minimax rate for nonparametric regression on a Sobolev space). Suppose
that P = v is the uniform distribution on [0,1]¢ and H is the order 3-Sobolev space with

B> d/2.1tis classical that ;1; = §~2B/4 for the kernel eigenvalues associated with this setup.
d

Thus, calculating &, in Corollary 7, we find k,, = (@"2—2)_ 28+d  and consequently
5 o2 226(1
inf sup E|f— f*li2p) =0’ (T> o,
ol lsg<e o°n

provided that 02 > ¢%. The above relation recovers a classical result [35, 60].
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3.2.3. Kernel regression under covariate shift. We now discuss one important case in
which we have P # v in the RKHS model (36). In the setting of covariate shift, the
model (36) comprises of covariates x; drawn from a source distribution P that is differ-
ent from the rarget distribution @) of covariates on which estimates of the regression function
are to be deployed. In this setting, then we take v = ) and P # Q.

For any such pair, following the argument given previously in Section 3.2, we find that

o2
(48) inf sup E||f— ", —limsupd,(f),
f 1eBalo) [H . Q)] k0

where the quantity d%k) is defined as in display (44). Above, the expectation on the lefthand

side is over the noise and the covariates drawn from P as described by the model (36). Note
that the eigenvalues {y;};>1 here correspond to the diagonalization of the integral kernel
operator under the target distribution ().

Let us now compare to past work due to Ma et al. [45], who studied the covariate shift prob-
lem in RKHSs. In contrast to this work, our result is source-target distribution-dependent:
it characterizes, apart from universal constants, the minimax risk for any kernel, any radius,
any noise level, and any covariate shift pair (P, Q). By contrast, the results in the paper [45]
consider a more restrictive setup in which pair (P, () satisfy an absolute continuity condi-
tion () « P), and moreover, the likelihood ratio is P-essentially bounded, meaning that there
exists some B € [1,00) such that

dQ@
dP
Let do (P, Q) denote the P-essential supremum of the likelihood ratio d@Q)/dP when @ «
P and do (P, Q) = +o0 otherwise. “Uniform” results, where minimax risks of estimation
are studied over families of covariate shifts P relative to () where d (P, Q) < B for some
parameter B can be derived as a corollary to the sharper rate description (48).

To give one simple and concrete illustration of this, we will show how one can derive
Theorem 2 in the paper [45]. By Jensen’s inequality, we have

(49) —(z) < B, for P-almost every z.

(50)  d = sup { Tr(Bp. M PEPM 4 7T T ) < P8
Q>0

If P satisfies do (P, Q) < B, then it follows that we have the ordering

~ ~ 1
(51) Ep. M P2 M2 > Sl

Moreover, this lower bound can be achieved by a shift P whenever the zero sets of the eigen-
functions ¢; in L?(Q) of the integral operator associated with the kernel k have nontrivial
intersection. Equivalently, when there exists

(52) o€ ) 65 ({0},

j=1

then the bound (51) is achieved by the distribution P, = %Q + (1 — %)5%. This choice

is evidently a B-bounded shift relative to (). To give an example where the zero set condi-
tion (52) holds, note that in the case of where the kernel k is associated with the periodic
B-order Sobolev class on [0, 1] and @ is the uniform law on [0, 1], one can take z¢ = 0 as the
eigenfunctions are sinusoids.
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Now, combining relations (48) and (50) with the choice of P = P, given above, we have

oo o]
] UQSUP{Z Buw; : wj:ng2}
(Q) .+ B “~ )\ o2
j=1"7 j=1"

sup inf sup E[|
P:do, (PQ)<B [ f*€By(0)

w>0

o2

9 o°B o
(53) =t sup{ 3,75 A Aoy Z

Suppose, following the paper [45], we additionally impose a regularity condition on the decay
of the eigenvalues f1; of kernel integral operator in L?(Q)). Namely, that there exists a constant
c€ (0,00) such that

sup Zj>d(§) Hj
6>0 d 2d(5>

Under this condition, we can further lower bound (53) up to universal constants, by

(54) <c, where d(6):=inf{j>1:p; <?}.

2

(55) ¢ inf {52+ 7 o= d(a)}

The details of this calculation can be found in Appendix B.2.6 of the supplement. Note that
by establishing the lower bound (55), we have recovered Theorem 2 from the paper [45]. We
remark that—as seen from the steps taken to arrive at this lower bound—our more general
determination of the minimax rate (48) is sharper in that it holds for a fixed pair (P, ()) rather
than uniformly over the larger class {P : d (P, Q) < B}. Moreover, our result, as compared
to the work [45], requires fewer regularity assumptions on the underlying kernel and its di-
agonalization in the target Hilbert space L?(Q). In fact, as demonstrated in Appendix B.2.6,
the regularity condition (54) is not necessary for us to establish the lower bound (55).

4. Proofs of Theorems 1 and 2. In this section, we present the proofs of our main
results. In Section 4.1, we provide the proof of our minimax upper bound (cf. Theorem 1).
In Section 4.2, we provide the proof of our minimax lower bound. Some calculations and
routine verifications are deferred to Appendix C in the supplement.

4.1. Proof of Theorem I. In this section, we develop an upper bound on the minimax
risk. In order to do so, so, we define the risk function

7“(5,9*) = ;Dlzg )E(f,w)~IP>><u [H9 Tg,Tg@ +w) HK]

defined for any measurable estimator 6 of (T¢,y), and any 6* € ©(p, K.). Evidently, the
minimax risk we are bounding is then expressible as

(56) M(T, P, Sy, 0, Ke, Ko) =inf  sup  7(,0%).
0 9+€O(0,K.)

In order to derive an upper bound, we restrict our focus to estimators that are conditionally
linear. Formally, we consider the class of procedures

(57) Oc(Te,y) = C(Te)Td Sty

where C is a R%*%-valued measurable function of T, ¢. Our strategy involves the following
three steps:

(i) First, we compute the supremum risk over the parameter set ©(p, K.) and all v € P(%,,).
(i) Second, compute the minimizer of the supremum risk in the choice of C in (57).
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(iii) Finally, by using the curvature of the supremum risk and appealing to a min-max theo-
rem, we put the pieces together to determine the final minimax risk.

The following subsections are devoted to the details associated with each of these three steps.
In all cases, we defer routine calculations and verification to Appendix C.1 of the supplement.

4.1.1. Supremum risk of estimator 50. Starting with the definition (57), for any matrix
C, we have

Oc — 0" = (C(Te) T £ e — 1)0" + C(Te) I S5 w.
Therefore, the risk r(éc, 6*) associated with O can be bounded as

r(Bo,0m) = sup B[|8c(X.y) - 0% |

veP ()

=Tr {KCW E¢ [(C(Tg)TETE;ng — I)0* ® 0" (C(Te) T 5, Te — 1)

(58) +C(Te)T E;1T§C(T5)T] Kel/2}.

The equality above uses the property (N2) of distributions v € P(%,,); note that it is achieved
by the Gaussian distribution v = N (0, 3,,).

4.1.2. Curvature and minimizers of the functional r(é\c, 0*). We begin by observing that

the function r(@c, -): O(0, K.) — R can be replaced by an equivalent mapping—which,
with a slight abuse of notation we denote by the same symbol — on the space of symmetric
positive definite matrices of the form

Ko, o) = {02 0| Tr( V2K < 07 ).

We define (in a sense, this is can be regarded as an extension to the set (o, K.))
(59) r(6c,Q) =Tr {Kel/z E¢ [(C(Ts)ngilTs — I)QC(Te) T S, Te — 14)"
+ (T T35 TeO(Te) T K2

Note that r(@c,Q*) = r(éo,ﬁ* ® 6*) for 0* € ©(p, K.). We claim that the suprema over
O(p, K.) and K(p, K.) are the same.

LEMMA 1. The suprema of the risk functional r taken over either the set ©(o,K.) or
the set K(o, K.) are equal—that is, we have

sup r(é\c,ﬁ*)z sup T(é\c,Q),
0*€0(0,K.) Qek(o,K.)

for every conditionally linear estimator 50 of the form (57).
See Appendix C.1.1 of the supplement for the proof of this claim. Briefly, the argument un-

derlying this claim shows that the risk functional is affine in €2 and the set (g, K.) can be
viewed as the closed convex hull of rank-one outer products 6* ® 6*.

Our next result characterizes some properties of the mapping (C, K) — r(éc, K).



SHARP MINIMAX RATES UNDER ELLIPTICAL CONSTRAINTS 23

LEMMA 2.  Over the set of measurable functions C' and matrices ) € K(o, K ), the map-
ping (C,Q) — r(0c, ) is affine in Q2 and convex in C.

See Appendix C.1.2 for the proof of this claim.
Our next claim determines the minimizer of r(-,€2) over estimators §C of the form (57),
provided that €2 is strictly positive definite.
PROPOSITION 3. Let §) be a symmetric positive definite matrix. Then
(60) infr(6c, Q) = Tr {Kel/Q Eq(Q !+ ng;ng)*lK;/?}
Moreover, the infimum is attained with the choice C(T¢) = (21 + TgE;ng)_l.
See Appendix C.1.3 for the proof.
4.1.3. Proof of Theorem 1. 'We now piece together the previous lemmas to establish our

main upper bound, as claimed in Theorem 1. In view of the relation (56) and the bound (58),
we find that

(6la) M(T,P,Su,0, K., K.)<inf sup r(0c,0%)
C 9re0(0,K.)

(61b) —inf sup r(fc,Q)
C Qek(o,K.)
(61c) = sup infr(éc, Q)
Qek(o,K.) C
(61d) -  sup ETr (K;/2(Q—1 + ng;ng)—lKg/Q).

Q>0
Tr(K.7'Q)<0?
To clarify, in the first display (61a) and below, the infimum over C' denotes an infimum over
all R?*“-valued measurable functions of T¢. In display (61b), we have applied Lemma 1. Re-
lation (61c) follows from the generalized Ky Fan min-max theorem [10, Theorem A] together
with Lemma 2. Note that the set /C( o, K_.) is evidently a compact convex subset of R%*¢. The
final equality (61d) is essentially an application of Proposition 3; see Appendix C.1.4 for the
details of this verification.

4.2. Proof of lower bound, Theorem 2. In this section, we prove our lower bound on the
minimax risk. In order to do so, we focus on lower bounding the Gaussian minimax risk

ME (T, P, Sy, 0, Ko, Ke) = inf  sup Be.w)pxnios,) [He(Tg,Tge* +w) — e*u?,{e].
0 6*€O(o,K.)

Evidently, the Gaussian minimax risk lower bounds the general minimax risk, so that we have
IS < M. In Section 4.2.1, we reduce this Gaussian minimax risk to yet another Gaussian
observation model. A minimax lower bound for this auxiliary problem is then presented as
Proposition 4 in Section 4.2.2. This result is the bulk of the proof of the lower bound, and it
quickly allows us to establish our main result, Theorem 2. In Section 4.2.3, we then complete
the proof of Proposition 4.
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4.2.1. Reduction to an alternate observation model. To establish the lower bound, we
first show that the minimax risk associated with our estimation problem is equivalent to an-
other, perhaps simpler, minimax risk.

An auxiliary observation model. This observation model is defined by a random quadruple
(r,V,A,T). The triple (r,V,A) comprises a random integer r, a random orthogonal matrix
V e R¥" satisfying V'V = I, and a random, r x r diagonal positive definite matrix A.
Conditional on (r,V,A), the observation Y is a Gaussian random variable, satisfying the
equation

(62) T=VVTy* +VA~Y22 where z~N(0,1,).
Above, the random vector z is drawn from the multivariate Gaussian with identity covariance

in R"; it is independent of (r, V, A). If w := (r, V, A) is distributed according to Q, we denote
the minimax risk for this observation model as

MG (Q, K) = inf sup B [ e, T) = 3]
Ul ned(K)

Above, the expectation indexed by (w,Y) is over w ~ Q and Y as in (62). The infimum is
over measurable functions of (w,Y). The set O(K) is a shorthand for the set ©(1, K) =

{l0]x <1}.

Reduction to the new observation model. 'We formally reduce the minimax risk 9 to the

reduction zmred, as follows.

LEMMA 3. Let P denote the distribution of the triple (r(€), Ve, A¢) under P, where r(§)
is the (finite) rank of Q¢ = Ke_l/QTgEzlegKe_l/Q, and Q¢ = V§A5V£T denotes the diago-
nalization of this positive definite matrix. Then, for any (T,P,%,,, 0, K., K¢), we have

SIRG (T7 IP)» Zun 0, Kcv K ) EDtred(IP)a QQKel/QKCKel/Q)-
See Appendix C.2.1 of the supplement for a proof of this claim.

4.2.2. Lower bounding the minimax risk. 'We now focus on lower bounding 9% ;. The
following result is a formal statement of the lower bound for the “reduced” minimax risk.

PROPOSITION 4. For any 7 € (0,1] and any 11 > 0 such that Tr(K 211K ~1/?) <1,
we have
(63) ME(Q K) = ETr (i 1),
where the constant c(7,11) is defined in Lemma 6. Moreover, we have the lower bounds
(64a)

Mira(Q, K) > sup { ETr ((H’l + VAVT)’1> >0, Te(K~V2IOK~Y?) < 1/4}
H

(64b) > i { ETr ((H—l + VAVT)—l) >0, Te(K~ V2K~ Y?) <1 }
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Proof of Theorem 2. We take the claim of Proposition 4 as given for the moment, and use
it to derive our minimax lower bound. As mentioned, we may restrict to Gaussian noise to
establish the lower bound; formally, we have 91 > MG, Additionally, the reduction given in
Lemma 3 combined with the stronger lower bound (64a) in Proposition 4 gives us

M(T, P, %, 0, Ke, Kc)
> supy { BTr (17 4+ K, V2T S Tk, 2) 1) 21 0, Te (K21, V2K, ) < 4

Now define the matrix = K.~ "/?I1K,~'/2. Then, the quantity on the righthand side is equal
to
sup{ ETr (Kel/Q(Q_l + ng;ng)—lKel/Q) O >0, Tr(K, 20K, %) < 2 }
Q

which furnishes the first inequality in Theorem 2. With similar manipulations to the weaker
lower bound (64b) in Proposition (4), or by arguing directly from the display above, the sec-
ond inequality in Theorem 2 follows. In order to establish the more detailed lower bound (8),
we repeat the argument above but use (63).

4.2.3. Proof of Proposition 4. The lower bound proceeds in five steps:

(1) We first lower bound the minimax risk in terms of the expected conditional Bayesian risk
over any prior on the parameter set O (K ).

(i) We then demonstrate that, conditionally, there is a family of auxiliary Bayesian estima-
tion problems, indexed by a parameter A > 0, which are all no harder than the Bayesian
estimation problem implied by the conditional Bayesian risk.

(iii) We compute, in closed form, the Bayesian risk for any prior and any parameter A > 0.
We are able to show that the Bayesian risk is a functional of the Fisher information of the
marginal distribution of the observed data under the prior and sampling model.

(iv) For each A > 0, we then calculate a lower bound on the Fisher information for a prior
obtained by conditioning a Gaussian distribution with mean zero and covariance II to the
parameter space.

(v) We put the pieces together: optimizing over all covariance operators II, and the family of
“easier” problems (i.e., optimizing over A > (), we obtain our claimed lower bound.

Next, we present the details of the steps outlined above. Extended calculations and routine
verification are deferred to Appendix C.2 of the supplement.

Step 1: Reduction to conditional Bayesian risk. 'We begin by lower bounding the minimax
risk via the Bayes risk. Owing to the standard relation between minimax and Bayesian risks,
we have for any prior 7 on ©(K) that

(65)

red(Q’ ) H,l\f sup E(w,Y) [”ﬁ(W,T)*UH%] = iIleWNT" E(w,T) [||77*77||§] = B(ﬂ-)
1 ned(K) n
The quantity B(m) appearing above is the Bayesian risk when the parameter 7 is drawn from
the prior . The following observation is key for the lower bound. After moving to Bayesian
risks, we can condition on the “design”, denoted by the random tuple w = (r,V,A), and
consider the conditional Bayesian risk. Formally, we have

(66)  B(m) =l Byor By, |7 112] > Buve | T Eyer B (1) - ]2
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Above, the inequality follows by observing that if the function 7): (w,T) — 7 € R is mea-
surable, then 7),,(T) := 7(w, T) is a measurable of Y. Note that the infimum on the righthand
side is restricted to those maps which are measurable function of wj; note that they may de-
pend on w, and therefore we have included a subscript depending on w to indicate this.® To
lighten notation in the subsequent discussion, we define the conditional Bayesian risk under
7 and for a realization of the random variable w = wy,

B(m |wp) = i%fE,7~7r Ez~N(0,ITO) [Hﬁ(VoVOTn + VoAal/Qz) — an], where wg = (19, Vo, Ao)-

Using this definition, along with the two inequalities (65) and (66), we have demonstrated
(67) MG 4(Q, K) = Eyg [B(r|w)], for any prior  on ©(K).
Therefore, it suffices for us to lower bound B(7 | w).

Step 2: Reduction to a family of easier problems. In this step, we fix a parameter A > 0,
which will index yet another auxiliary Bayesian estimation problem. The intuition will be that
as A — 0T, we are “approaching” the difficulty of the original Bayesian estimation problem.

Formally, fix w = (7, V, A). Throughout we will let V| : R? — ran(V)* denote the pro-
jection of an element 77 € RY to the orthogonal complement of the closed subspace ran(V').
We now consider the observation, where for an independent random Gaussian variable
z~N (0, Id>

68) YTr=VVT AV n+ VA Y20+ VAVLz = Xoan+ (VATIVT +AV) Y20/,

.

~~ -

=:X)\

where the last equality holds in distribution. Define ¥y :== VA~V + AV ; evidently 3, is a
symmetric positive definite matrix for any A > 0. Then, Y ) has distribution N (X7, X,). We
remark that the observation Y is more convenient than Y as its covariance is nonsingular
and moreover its mean is a nonsingular linear transformation of n—note that neither of these
properties hold for T.

Our goal is to show that the observation Y is more “informative” than Y. To do this, we
now define the (conditional) Bayesian risk for Y,

Ba(r | w) = inf { By(, 7 | @) = B[I[A(T2) = nl] .
The main claim is that this provides a lower bound on our original conditional Bayesian risk.

LEMMA 4. For any w and A > 0, we have

B(m|w) = By(m | w).

See Appendix C.2.2 for a proof of this claim.

Step 3: Calculation of Bayesian risk By(m | w), for a fixed prior T and parameter A > 0. To
compute the Bayesian risk for a fixed prior 7w and parameter A > 0, we develop a variant of
Tweedie’s formula (also sometimes referred to as Brown’s identity, when applied to Bayesian
risks) [62, 55, 13].

®In some cases, this inequality may hold with equality. However, to be clear, in general the inequality arises
since if {7jw }w is a family of measurable functions (of T) for each w in the support of Q, it is not necessarily the
case that 7j(w, T) == 7w (Y) is measurable.
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To state the result, we need to introduce some notation. We define the marginal and con-
ditional densities of T y—disregarding normalization constants—as,

1
p(y) = fp(y |m)m(dn)  where p(y|[n)=exp (— Sy = lel%;)-
Finally we define the Fisher information of the marginal distribution of Yy, which is given
by
Z(Ty)=E[Viogp(Ty)® Vlogp(Ty)].

With this notation in hand, we can now state our formula for the Bayesian risk under the prior
7 and for parameter A > 0.

LEMMA 5. Fix w = (r,V,A). Define Xy == VVT + AV and £y = VATV + V.
Fix prior w, and parameter A > 0. Then the conditional Bayesian risk is given by

By(r | w) = Tr (X/\_IEA[E/(I —I(TA)]EAXA*).

See Appendix C.2.3 for a proof of this claim.

Step 4: Lower bound on Fisher information for conditioned Gaussian prior. Consider a
prior m which is absolutely continuous with respect to Lebesgue measure on R?. Further-
more, suppose that its Lebesgue density f, = ‘;—Z has logarithmic gradient almost every-
where. Define

I(m)= j Vlog (1) ® ¥ log £ () dre ().

Recall also that the Fisher information associated with a Gaussian distribution N (y, IT) for
nonsingular II is given by II~! [42, Example 6.3]. Therefore, applying well-known results
for the Fisher information [65, eqn. (8) and Corollary 1]

(69) T(Ty) < (X\Z(m) ' Xy + 3y

Next, we select a prior distribution and calculate the Fisher information Z (Y)) for the
marginal density under this prior. For a parameter 7 € (0, 1] and symmetric positive definite
covariance matrix II, we define the probability measures

(70) 9 =N(0,7°) and mrp=7op(-|O(K)).

In other words, 711 denotes the probability measure N (0,7‘21'[) conditioned on the con-
straint set. Formally, it is defined by the relation,

WSH (AnO(K))

AT s ew)

for any event A. For these priors, we have the following claim.

LEMMA 6. Let 7€ (0,1] and 11 be a symmetric positive definite matrix satisfying the
relation Tr(Hl/ 2V 2) < 1. Then the Fisher information of the conditioned prior T 10
satisfies the inequality

I(’]TTVH)_I > C(Tv H)H7
where c(7,11) = 72(1 — TFSH(@(K)C)) > 0.

See Appendix C.2.4 for the proof of this claim.
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Step 5: Putting the pieces together. Combining Lemmas 4 and 5 along with the inequal-
ity (69) and Lemma 6, we find that for any 7 € (0, 1] and symmetric positive definite matrix
IT satisfying Tr(I1Y/2 K ~11'/2) < 1, that

B(r|w) = supTr (X;12A[2;1 — (e(r, I X\ILX + ZA)_l]EAXA_l)
A>0

— sup Tr ((ﬁﬂ’l + XAZ;UQ)*).
A>0

Above, we used the relation A(A™! — (B + A)"1)A = (A~! + B~1)~!, valid for any pair
(A, B) of symmetric positive definite matrices. Our particular choice of matrices was A = X
and B = X). Note that
X2 X, = VAVT 4V,
Therefore, by continuity, we have
(71)
. 1 -1 T -1 1 -1 Ty—1
B(r|w) > lim Tr ((WH +VAVT 4 AV ) —Tr ((WH +VAVT) )

Taking the expectation over w, and applying our minimax lower bound (67), we have estab-
lished lower bound (63). Note that since ¢(7,II) € (0, 1], we evidently have from the above
display that

B(r |w) > e(r, ) Tr (I~ + VAVT) ™).
Let us define the constant
c(K) = 1iInf sup c(,II).
ﬁ(H§91)<176(0,1]

Then combining the conditional lower bound (71) with our minimax lower bound (67), we
obtain

mC (Q,K) >sup{ ETr ((H—l + VAVT)_l) LI 0, Tr(IY2KIY?) < (K }

—sup| ETr (( Lot VAVT)—l) >0, Tr(IIY2KIY2) < 1 }

Ce(K)
> co(K) sup{ ETr ((rrl n VAVT)_1> >0, Tr(IIY2K1Y2) < 1 }
I
To complete the proof, we simply need to lower bound the constant ¢y (/) universally.

LEMMA 7. The constant cy(K) is lower bounded, for any symmetric positive definite K,
as

c(K) =

] =

See Appendix C.2.5 for a proof of this claim.

5. Discussion. In this work, we determined the minimax risk of estimation for observa-
tion models of the form (1), where one observes the image of a unknown parameter under a
random linear operator with additive noise. Our results reveal the dependence of the rate of
convergence on the covariate law, the parameter space, the error metric, and the noise level.
We conclude our paper by presenting some simulation results; see Section 5.1
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Finally, we note that in this work we studied minimax risks of convergence in expectation.
This is convenient, as it requires relatively minor assumptions of the distribution of 7¢. On
the other hand, for the setting of random design regression, high-probability results, such as
those obtained in the papers [4, 49, 34, 41, 52], typically require stronger assumptions such
as the sub-Gaussianity of the covariate distribution. Nonetheless, high-probability guarantees
provide a complementary perspective on the problem we consider. Indeed, when the covariate
law can be considered “heavy-tailed,” it may be more relevant to develop robust estimators
that have low risk with high probability. We refer to the survey article [44] for a overview of
work in this direction.

5.1. Some illustrative simulations. We conclude our paper by presenting the results of
some simulations reveal how changes in the distribution of the random operator 7¢ can lead
to dramatic changes in the overall minimax risk.

In this section, we present simulation results to illustrate the behavior of the functionals
appearing in our main results for two versions of random design linear regression. In Sec-
tion 5.1.1, we present simulation results for a multivariate, random design linear regression
setting with IID covariates. Concretely, we provide two different covariate laws, where the
minimax error for the same parameter space differs by at least two orders of magnitude. We
emphasize this difference in entirely due to the covariate law; the noise, observation model,
error metric, and parameter space are fixed in this comparison.

Additionally, in Section 5.1.2, we present simulation results for a univariate regression
setting where the covariates are sampled from a Markov chain. In both cases, the functional is
able to capture the dependence of the minimax rate of estimation on the underlying covariate
distribution.

5.1.1. Higher-order effects in IID random design linear regression. For random design
linear regression, higher order properties of the covariate distribution over the covariates can
have striking effects on the minimax risk. In order to illustrate this phenomenon, we consider
the regression model (10) with feature map v (x) = x, and parameter vector §* constrained to
a ball in the Euclidean norm. We then construct a family of distributions over the covariates
that are all zero-mean with identity covariance, but differ in interesting ways in terms of their
higher-order moment properties. More precisely, we let §g denote the Dirac measure with
unit mass at 0, and for a mixture weight A € [0, 1], we consider covariates generated from the
probability distribution

(72) Py = A5+ (1= M)N (o, 1—1)\Id> .

By construction, all members of the ensemble have the same behavior with respect to their
first and second moments,

(73) Ep [z]=0 and Covp, (v)=Ep[z®z]=1;, forall Ae]0,1].

In the special case A = 0, the distribution P corresponds to the standard Gaussian law on R,

whereas it becomes an increasingly ill-behaved Gaussian mixture distribution as A — 17.
Following the argument in Section 3.1.1, in this case, the minimax risk is upper and lower

bounded as

o :

By [Tr((Sn+ %52 10) )] < M (P 0,0% Ly La) < = By [Tr(Su+ £410) 7).

Above, the lower bound constant cg is defined in display (20b).
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To understand the effect of the covariate law, we fix the signal-to-noise ratio such that £ =
7, for 7 € {1,10}. Note that after renormalizing the minimax risk by o, it only depends on 7
(and not on the particular choices of (o, c)). Similarly, this invariance relation holds for the
functionals appearing on the left- and righthand sides of the display (74)—after normalization
by 1/0?, they no longer depend on (o, o) except via the ratio 7 = £. Additionally, we fix the
aspect ratio y = %.7By varying 7 € [0.05,4] we are able to illustrate the behavior of the
minimax risk, as characterized by our functional, for problems which are both under- and
overdetermined.

Having fixed the SNR at 7 and aspect ratio at vy, we can somewhat simplify the dis-
play (74), by introducing the following quantities which only depend on the parameters 7,y
and the sample size n and the mixture parameter A,

onlp (P)\, 10,02, Iy Ihn])

(75&) mn()‘aT’ ’Y) = 7_20_2 P
5b A = L R [Tr((s, + Dl
(75b) Un (A, 7,7) = P P Te((Zn + 3= Iyn)) )],
5 (N L R [Tr((x, + chrl -
(7 C) n( y Ty 7) = % Pf[ (( n+ T2 ['yn]) )]

Then, the relations (74), can be equivalently expressed as
fn()\7 T, ’7) < mn()\, T, 7) < un()\, T, 7)7

and moreover this holds for all A € [0,1],7 > 0, > 0. In our simulation, we use Monte Carlo
simulation with 50 trials to estimate the upper and lower bound functionals ¢,, and u,,.

In our simulations, we take A € {0,0.9,0.99} and vary « € [0.05,4]. The results of these
simulations are presented in Figure 1; see the caption for a detailed description and commen-
tary. The general pattern should be clear: the covariate law can have a dramatic impact on
the overall rate of estimation, even when restricting some moments such as we have with the
relations (73).

5.1.2. Mixing time effects in Markovian linear regression. Covariates need not be drawn
in an IID manner, and any dependencies can be expected to affect the minimax risk. Here we
illustrate this general phenomena via some simulations for the Markov regression example
as outlined in Section 3.1.4. We seek to study a wide range of possible mixing conditions for
the Markovian covariate model. In order to do so, we consider covariates generated from the
Markovian model (26) with

Pt —1)
w(t)

where 1): N U {0} — R is a nondecreasing function satisfying 1/(0) = 1 and lim;_,, ¢ (t) =
c0. With this choice, it is easily checked that, marginally

Tt =

Therefore, x; — N (0, 1) in distribution as ¢ — oo, and the rate of convergence is of order
1/9(t).

We now illustrate how the minimax rate, as determined in Corollary 5, for this problem
behaves for different choices of the function ¢ and the signal-to-noise ratio (SNR). As in

7Specifically, we take d = [ym].
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Fig 1. Simulations of random design regression for three covariate laws, Py as defined in
equation (72) with A € {0,0.9,0.99}. For a given choice of the mixture weight A and signal-
to-noise ratio (SNR) 7, we plot the lower bound £y, (A, 7,) and upper bound uy, (X, 7,7y) as y
varies between 0.05 and 4. The normalized minimax risk m,, is then guaranteed to lie in the
region whose upper and lower envelopes are given by u, and ¢, respectively. To facilitate
interpretation of these figures, we have shaded this region to highlight where we can guaran-
tee the minimax risk m,, must lie. The quantities uy,, ¢,,, m,, are all defined in display (75). In
panels (1a) and (1b), we set the sample size n = 128, and set the SNR as 7 = 1, 10, respec-
tively. In panels (1c) and (1d), we set the sample size n = 512, and set the SNR as 7 =1, 10,
respectively. The plots above demonstrate that as A increases, the minimax risks are much
worse. Numerically, in the setting where n = 512 and 7 = 10—as depicted in panel (1d)—our
upper and lower bounds guarantee that the minimax risk for the isotropic ensemble (depicted
with A = 0 above) can be over 806 times larger than the minimax risk for the ensemble with
A = 0.99. It should be noted that in this comparison the first and second moments of the
ensemble are held fixed (see equation (73)), and hence the differences between the lines plot-
ted in any given panel can only be explained by differences in higher-order moments within
the ensemble {P)}. The figures also demonstrate that the gap between our upper and lower
bounds is fairly small, particularly whenever d > 5.
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Fig 2. Simulations for five distributions of Markovian covariates. In panel (2a), we set the
SNR parameter as 7 = 1, and in panel (2b), we set the SNR parameter as 7 = 10. As the
scaling function ) grows more slowly, the chain converges to its stationary distribution more
slowly, and the minimax rate decays more slowly, as indicated by the displayed behavior of
our functional T — ®p (7).

Section 5.1.1, we normalize the minimax risk by the squared radius so that it only depends
on 7 = £. The quantity we then plot is

(I)T(Tv 1)
— T

Op(7):

)

where ®7(p, o) is the functional appearing in Corollary 5.
In the simulation, we consider the following choices of scaling function ¢,

5, t+1, 1+log(t+1), and 1+log(1+log(t+1)).

With the choice 9(t) = 5¢, the underlying Markov chain converges geometrically to the stan-
dard Normal law. On the other hand, the choice 1 (¢) = log(1 + log(1 +t)) + 1 exhibits much
slower convergence—the variational distance between the law of z; and N (0, 1) is of order
O(1/(loglogt)).

We simulate each of these chains, computing the normalized functional ®7(7) over the
course of 5000 Monte Carlo trials. The sample size 7' is varied between 10 and 3162. In the
simulation we also include the choice ; = 0, which corresponds to IID covariates. The results
of the simulation are presented in Figure 2; see the caption for more details and commentary.

Acknowledgments. We thank Jaouad Mourtada for a helpful conversation and useful
email exchanges; we also thank Peter Bickel for a helpful discussion regarding his prior
work on the Gaussian sequence model.

Funding. RP was partially supported by a UC Berkeley Chancellor’s Fellowship via the
ARCS Foundation. MJW and RP were partially funded by ONR grant N0O0014-21-1-2842,
National Science Foundation Grant grant CCF-1955450, and National Science Foundation
grant DMS-2015454. MJW and RP gratefully acknowledge funding support from Meta via
the UC Berkeley Al Research (BAIR) Commons initiative.



SHARP MINIMAX RATES UNDER ELLIPTICAL CONSTRAINTS 33

SUPPLEMENTARY MATERIAL

Supplementary material
Contains omitted proofs from the main text.
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