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UNIFORM POST SELECTION INFERENCE FOR LAD REGRESSION AND
OTHER Z-ESTIMATION PROBLEMS

A. BELLONI, V. CHERNOZHUKOV, AND K. KATO

ABSTRACT. We develop uniformly valid confidence regions for regression coefficients in a high-
dimensional sparse median regression model with homoscedastic errors. Our methods are based
on a moment equation that is immunized against non-regular estimation of the nuisance part
of the median regression function by using Neyman’s orthogonalization. We establish that the
resulting instrumental median regression estimator of a target regression coefficient is asymptot-
ically normally distributed uniformly with respect to the underlying sparse model and is semi-
parametrically efficient. We also generalize our method to a general non-smooth Z-estimation
framework with the number of target parameters p; being possibly much larger than the sample
size n. We extend Huber’s results on asymptotic normality to this setting, demonstrating uniform
asymptotic normality of the proposed estimators over pi-dimensional rectangles, constructing
simultaneous confidence bands on all of the p; target parameters, and establishing asymptotic
validity of the bands uniformly over underlying approximately sparse models.

Keywords: Instrument; Post-selection inference; Sparsity; Neyman’s Orthogonal Score test;
Uniformly valid inference; Z-estimation.
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1. INTRODUCTION

We consider independent and identically distributed data vectors (y;, «7,d;)" that obey the
regression model

(D yi=diog+x; fo+e (i=1,...,n),

where d; is the main regressor and coefficient « is the main parameter of interest. The vector
x; denotes other high-dimensional regressors or controls. The regression error ¢; is independent
of d; and z; and has median zero, that is, pr(e; < 0) = 1/2. The distribution function of
€; is denoted by F, and admits a density function f, such that f.(0) > 0. The assumption
motivates the use of the least absolute deviation or median regression, suitably adjusted for use
in high-dimensional settings. The framework (1) is of interest in program evaluation, where
d; represents the treatment or policy variable known a priori and whose impact we would like
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to infer [27, 21, 15]. We shall also discuss a generalization to the case where there are many
parameters of interest, including the case where the identity of a regressor of interest is unknown
a priori.

The dimension p of controls x; may be much larger than n, which creates a challenge for
inference on ag. Although the unknown nuisance parameter Sy lies in this large space, the key
assumption that will make estimation possible is its sparsity, namely 7" = supp(fp) has s < n
elements, where the notation supp(d) = {j € {1,...,p} : d; # 0} denotes the support of a
vector § € RP. Here s can depend on n, as we shall use array asymptotics. Sparsity motivates
the use of regularization or model selection methods.

A non-robust approach to inference in this setting would be first to perform model selection
via the ¢1-penalized median regression estimator

~ 5 : A
2 (a, B) € arg rglélEn(’yi —dia —z; B) + 5\\\11(04,5T)TH1,

where ) is a penalty parameter and W2 = diag{E,(d?), E,(2%),..., E, (xlzp)} is a diagonal
matrix with normalization weights, where the notation E,(-) denotes the average n= 'Y 7,
over the index ¢ = 1,...,n. Then one would use the post-model selection estimator

O (@) € argmin { Bu(|y: — dio—al5]) - 6;=0, j ¢ supp(B)}

)

to perform inference for ay.

This approach is justified if (2) achieves perfect model selection with probability approaching
unity, so that the estimator (3) has the oracle property. However conditions for perfect selection
are very restrictive in this model, and, in particular, require strong separation of non-zero coef-
ficients away from zero. If these conditions do not hold, the estimator & does not converge to
v at the n~1/2 rate, uniformly with respect to the underlying model, and so the usual inference
breaks down [19]. We shall demonstrate the breakdown of such naive inference in Monte Carlo
experiments where non-zero coefficients in 3y are not significantly separated from zero.

The breakdown of standard inference does not mean that the aforementioned procedures are
not suitable for prediction. Indeed, the estimators (2) and (3) attain essentially optimal rates
{(slogp)/n}'/? of convergence for estimating the entire median regression function [3, 33].
This property means that while these procedures will not deliver perfect model recovery, they
will only make moderate selection mistakes, that is, they omit controls only if coefficients are
local to zero.

In order to provide uniformly valid inference, we propose a method whose performance does
not require perfect model selection, allowing potential moderate model selection mistakes. The
latter feature is critical in achieving uniformity over a large class of data generating processes,
similarly to the results for instrumental regression and mean regression studied in [34] and
[2, 4, 5]. This allows us to overcome the impact of moderate model selection mistakes on
inference, avoiding in part the criticisms in [19], who prove that the oracle property achieved by
the naive estimators implies the failure of uniform validity of inference and their semiparametric
inefficiency [20].

In order to achieve robustness with respect to moderate selection mistakes, we shall construct
an orthogonal moment equation that identifies the target parameter. The following auxiliary
equation,

(@) di=z]00+v, FEv|z)=0 (i=1,...,n),
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which describes the dependence of the regressor of interest d; on the other controls z;, plays a
key role. We shall assume the sparsity of 6, that is, 7; = supp(fp) has at most s < n elements,
and estimate the relation (4) via lasso or post-lasso least squares methods described below.

We shall use v; as an instrument in the following moment equation for ag:

o) E{o(yi — diovy — x{ fo)vi} =0 (i=1,...,n),

where ¢(t) = 1/2 — 1{t < 0}. We shall use the empirical analog of (5) to form an instrumental
median regression estimator of ayp, using a plug-in estimator for x; 3y. The moment equation
(5) has the orthogonality property

0 .
(6) — E{o(y; — diavy — x; B)v; } =0 (i=1,...,n),

op 6=Po
so the estimator of « will be unaffected by estimation of x; 5y even if fj is estimated at a
slower rate than n /2, that is, the rate of o(n~/*) would suffice. This slow rate of estimation
of the nuisance function permits the use of non-regular estimators of g, such as post-selection
or regularized estimators that are not n~'/2 consistent uniformly over the underlying model.
The orthogonalization ideas can be traced back to [22] and also play an important role in doubly
robust estimation [26].

Our estimation procedure has three steps: (i) estimation of the confounding function x; 3y in
(1); (ii) estimation of the instruments v; in (4); and (iii) estimation of the target parameter o via
empirical analog of (5). Each step is computationally tractable, involving solutions of convex
problems and a one-dimensional search.

Step (i) estimates for the nuisance function x; 3y via either the ¢ -penalized median regression
estimator (2) or the associated post-model selection estimator (3). N

Step (ii) provides estimates v; of v; in (4) as v; = d; — szg orv;=d; —x]0 (i=1,...,n).
The first is based on the heteroscedastic lasso estimator 5, a version of the lasso of [30], designed
to address non-Gaussian and heteroscedastic errors [2],

% 0 & argmin B, {(d; — «70)°) + [T,
n

where A and T are the penalty level and data-driven penalty loadings defined in the Supplemen-
tary Material. The second is based on the associated post-model selection estimator and 6, called
the post-lasso estimator:

(8) g e argmgin E{(di —x70)*}: 0;=0, j ¢ supp(@) .

Step (iii) constructs an estimator ¢ of the coefficient oy via an instrumental median regression
[11], using (v;)}, as instruments, defined by
_ B {p(yi — 2B — di)Bi}|?

9 & € argmin L, («), Lp(« — ,
gaeﬁ () (@) B, (v7)

where A is a possibly stochastic parameter space for cg. We suggest A = [@—10/b,a+ 10/b]
with b = {E,,(d?)}'/? log n, though we allow for other choices.

Our main result establishes that under homoscedasticity, provided that (s3 log® p)/n — 0 and
other regularity conditions hold, despite possible model selection mistakes in Steps (i) and (ii),
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the estimator & obeys
(10) o 'n'?(@ — ag) — N(0,1)

in distribution, where 02 = 1/{4f?E(v?)} with f. = f.(0) is the semi-parametric efficiency
bound for regular estimators of ag. In the low-dimensional case, if p> = o(n), the asymptotic
behavior of our estimator coincides with that of the standard median regression without selec-
tion or penalization, as derived in [13], which is also semi-parametrically efficient in this case.
However, the behaviors of our estimator and the standard median regression differ dramatically,
otherwise, with the standard estimator even failing to be consistent when p > n. Of course, this
improvement in the performance comes at the cost of assuming sparsity.
An alternative, more robust expression for o2 is given by

an ol =J Q77 Q=EW?)/4, J=E(fdv;).

n

We estimate (2 by the plug-in method and J by Powell’s ([25]) method. Furthermore, we show
that the Neyman-type projected score statistic nL,,(«) can be used for testing the null hypothesis
o = ap, and converges in distribution to a x? variable under the null hypothesis, that is,

(12) nLn(og) — X3

in distribution. This allows us to construct a confidence region with asymptotic coverage 1 — &
based on inverting the score statistic 1L, («):

(13) fAlg ={aeA:nLy(a) < qi—¢}, pr(ag € A\g) —1-¢,

where q;_¢ is the (1 — £)-quantile of the x?-distribution.

The robustness with respect to moderate model selection mistakes, which is due to (6), allows
(10) and (12) to hold uniformly over a large class of data generating processes. Throughout
the paper, we use array asymptotics, asymptotics where the model changes with n, to better
capture finite-sample phenomena such as small coefficients that are local to zero. This ensures
the robustness of conclusions with respect to perturbations of the data-generating process along
various model sequences. This robustness, in turn, translates into uniform validity of confidence
regions over many data-generating processes.

The second set of main results addresses a more general setting by allowing p;-dimensional
target parameters defined via Huber’s Z-problems to be of interest, with dimension p; potentially
much larger than the sample size n, and also allowing for approximately sparse models instead
of exactly sparse models. This framework covers a wide variety of semi-parametric models,
including those with smooth and non-smooth score functions. We provide sufficient conditions
to derive a uniform Bahadur representation, and establish uniform asymptotic normality, using
central limit theorems and bootstrap results of [9], for the entire p;-dimensional vector. The
latter result holds uniformly over high-dimensional rectangles of dimension p; > n and over
an underlying approximately sparse model, thereby extending previous results from the setting
with p; < n [14, 23, 24, 13] to that with p; > n.

In what follows, the ¢5 and ¢ norms are denoted by || - || and || - ||1, respectively, and the
lp-norm, || - ||o, denotes the number of non-zero components of a vector. We use the notation
aVb = max(a,b) and aAb = min(a, b). Denote by ®(-) the distribution function of the standard
normal distribution. We assume that the quantities such as p, s, and hence y;, x;, 59, 69,1 and T}
are all dependent on the sample size n, and allow for the case where p = p,, = coand s = s, —
oo as n — oo. We shall omit the dependence of these quantities on n when it does not cause
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confusion. For a class of measurable functions F on a measurable space, let cn(e, F, || - [|Q.2)
denote its e-covering number with respect to the L?(Q) seminorm || - ||g.2, where @ is a finitely
discrete measure on the space, and let ent(, F) = log supg cn(e|| F'l|g .2, F, || - [|,2) denote the
uniform entropy number where F' = sup jc 7 | f|-

2. THE METHODS, CONDITIONS, AND RESULTS

2.1. The methods. Each of the steps outlined in Section 1 could be implemented by several
estimators. Two possible implementations are the following.

Algorithm 1. The algorithm is based on post-model selection estimators.

Step (i). Run post-t1-penalized median regression (3) of y; on d; and x;; keep fitted value x| 5
Step (ii). Run the post-lasso estimator (8) of d; on x;; keep the residual v; = d; — :1:35

Step (iii). Run instrumental median regression (9) of y; — x; 5 on d; using v; as the instrument.
Report & and perform inference based upon (10) or (13).

Algorithm 2. The algorithm is based on regularized estimators.

Step (i). Run {1-penalized median regression (3) of y; on d; and x;; keep fitted value x| B’

Step (ii). Run the lasso estimator (7) of d; on x;; keep the residual v; = d; — :):;rg

Step (iii). Run instrumental median regression (9) of y; — x; 5 on d; using v; as the instrument.
Report & and perform inference based upon (10) or (13).

In order to perform ¢-penalized median regression and lasso, one has to choose the penalty
levels suitably. We record our penalty choices in the Supplementary Material. Algorithm 1 relies
on the post-selection estimators that refit the non-zero coefficients without the penalty term to
reduce the bias, while Algorithm 2 relies on the penalized estimators. In Step (ii), instead of the
lasso or the post-lasso estimators, Dantzig selector [8] and Gauss-Dantzig estimators could be
used. Step (iii) of both algorithms relies on instrumental median regression (9).

Comment 2.1. Alternatively, in this step, we can use a one-step estimator ¢ defined by

(14) & = &+ (B f(0002  En{o(ys — dia — 27 B);},

where & is the ¢1-penalized median regression estimator (2). Another possibility is to use the
post-double selection median regression estimation, which is simply the median regression of
y; on d; and the union of controls selected in both Steps (i) and (ii), as ¢&. The Supplemental
Material shows that these alternative estimators also solve (9) approximately.

2.2. Regularity conditions. We state regularity conditions sufficient for validity of the main
estimation and inference results. The behavior of sparse eigenvalues of the population Gram
matrix E(z;2]) with ; = (d;,«])" plays an important role in the analysis of ¢;-penalized
median regression and lasso. Define the minimal and maximal m-sparse eigenvalues of the
population Gram matrix as

- ) S'E(zz])d - ST E(z;x] )

(15) in(m) = min ———""—, «(m) = X — i
R T R M e

where m = 1, ..., p. Assuming that ¢, (m) > 0 requires that all population Gram submatrices

formed by any m components of z; are positive definite.
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The main condition, Condition 1, imposes sparsity of the vectors 5y and 6y as well as other
more technical assumptions. Below let ¢; and C be given positive constants, and let ¢, 1
00, 0y, | 0, and A,, | 0 be given sequences of positive constants.

Condition 1. Suppose that (i) {(yi, d;, x])" }I; is a sequence of independent and identically
distributed random vectors generated according to models (1) and (4), where ¢; has distribu-
tion distribution function F, such that F.(0) = 1/2 and is independent of the random vector
(di, xT)T; (ii) E(v? | ) > c1 and E(Jvi]* | 2;) < C1 almost surely; moreover, E(d}) +
E(v}) + max;j—1,_, E(az%df) + E(|xijuil®) < Ci; (iii) there exists s = s, > 1 such that
lBollo < s and ||0ollo < s; (iv) the error distribution Fy is absolutely continuous with continu-
ously differentiable density f.(-) such that f(0) > ¢y and fc(t) V |f.(t)| < Cy forallt € R; (v)
there exist constants K, and My, such that K,, > max;—1 __, |z;j| and M, > 1V |z} 0| almost
surely, and they obey the growth condition { K2} + (K2 Vv M2*)s? + M2s3}log®(p V n) < nédy;
(Vi) c < ¢min(€n3) < ¢max(£n3) < Cl-

Condition 1 (i) imposes the setting discussed in the previous section with the zero conditional
median of the error distribution. Condition 1 (ii) imposes moment conditions on the structural
errors and regressors to ensure good model selection performance of lasso applied to equation
(4). Condition 1 (iii) imposes sparsity of the high-dimensional vectors 3y and #y. Condition
1 (iv) is a set of standard assumptions in median regression [16] and in instrumental quantile
regression. Condition 1 (v) restricts the sparsity index, namely 53 log®(p\Vn) = o(n) is required;
this is analogous to the restriction p3(logp)? = o(n) made in [13] in the low-dimensional
setting. The uniformly bounded regressors condition can be relaxed with minor modifications
provided the bound holds with probability approaching unity. Most importantly, no assumptions
on the separation from zero of the non-zero coefficients of 6y and 3y are made. Condition 1 (vi)
is quite plausible for many designs of interest. Conditions 1 (iv) and (v) imply the equivalence
between the norms induced by the empirical and population Gram matrices over s-sparse vectors
by [29].

2.3. Results. The following result is derived as an application of a more general Theorem 2
given in Section 3; the proof is given in the Supplementary Material.

Theorem 1. Let & and Ly, (o) be the estimator and statistic obtained by applying either Algo-
rithm 1 or 2. Suppose that Condition 1 is satisfied for all n > 1. Moreover, suppose that with
probability at least 1 — A, BHO < Cys. Then, as n — oo, 0, 'n*/?(& — ag) — N(0,1) and
nLn(cg) — X3 in distribution, where o2 = 1/{4f2E(v?)}.

Theorem 1 shows that Algorithms 1 and 2 produce estimators ¢ that perform equally well,
to the first order, with asymptotic variance equal to the semi-parametric efficiency bognd; see
the Supplemental Material for further discussion. Both algorithms rely on sparsity of 3 and 6.
Sparsity of the latter follows immediately under sharp penalty choices for optimal rates. The
sparsity for the former potentially requires a higher penalty level, as shown in [3]; alternatively,
sparsity for the estimator in Step 1 can also be achieved by truncating the smallest components
of B . The Supplemental Material shows that suitable truncation leads to the required sparsity
while preserving the rate of convergence.

An important consequence of these results is the following corollary. Here P,, denotes a
collection of distributions for {(y;, d;, ;)" }j-, and for P,, € P, the notation prp means that
under prp , {(v;,d;, z] )" }i_ is distributed according to the law determined by P,.
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Corollary 1. Let & be the estimator of o constructed according to either Algorithm 1 or 2,
and for every n > 1, let P, be the collection of all distributions of {(y;, d;, ] )" }I'_, for which
Condition 1 holds and ||3||o < Cis with probability at least 1 — A,,. Then for A¢ defined in
(13),

sup
Pn,ePn

prp, {ao € [aE oun 2071 (1 - ¢/2)]} - (1= )] — 0,

sup |prp, (ag € A\g) —(1- 5)’ — 0, n— oo
P,ePn

Corollary 1 establishes the second main result of the paper. It highlights the uniform validity
of the results, which hold despite the possible imperfect model selection in Steps (i) and (ii).
Condition 1 explicitly characterizes regions of data-generating processes for which the unifor-
mity result holds. Simulations presented below provide additional evidence that these regions
are substantial. Here we rely on exactly sparse models, but these results extend to approximately
sparse model in what follows.

Both of the proposed algorithms exploit the homoscedasticity of the model (1) with respect
to the error term ¢;. The generalization to the heteroscedastic case can be achieved but we need
to consider the density-weighted version of the auxiliary equation (4) in order to achieve the
semiparametric efficiency bound. The analysis of the impact of estimation of weights is delicate
and is developed in our working paper “Robust Inference in High-Dimensional Approximate
Sparse Quantile Regression Models” (arXiv:1312.7186).

2.4. Generalization to many target coefficients. We consider the generalization to the previ-
ous model:

p1
Y= Zdjoaj +g(u)+e e~F, F/(0)=1/2,
j=1

where d, u are regressors, and € is the noise with distribution function F; that is independent of
regressors and has median zero, that is, F.(0) = 1/2. The coefficients a1, . .., oy, are now the
high-dimensional parameter of interest.

We can rewrite this model as p; models of the previous form:

y=ajdj +gi(z) +e, dj=my(zj) +v;, E(vj|z)=0 (j=1,...,p1),

where «; is the target coefficient,

9i(2) =Y diag + g(u),  my(z) = E(d; | z),

k#j
and where z; = (di,...,dj—1,dj41,...,dp,,u™)". We would like to estimate and perform
inference on each of the p; coefficients a1, . .., o, simultaneously.

Moreover, we would like to allow regression functions h; = (g;,m;)" to be of infinite di-
mension, that is, they could be written only as infinite linear combinations of some dictionary
with respect to z;. However, we assume that there are sparse estimators ﬁj = (gj,m;)" that
can estimate h; = (g;,m;)" at sufficiently fast o(n~'/4) rates in the mean square error sense,
as stated precisely in Section 3. Examples of functions A ; that permit such estimation by sparse
methods include the standard Sobolev spaces as well as more general rearranged Sobolev spaces
[7, 6]. Here sparsity of estimators g; and /; means that they are formed by Op(s)-sparse linear
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combinations chosen from p technical regressors generated from z;, with coefficients estimated
from the data. This framework is general; in particular it contains as a special case the tradi-
tional linear sieve/series framework for estimation of /;, which uses a small number s = o(n)
of predetermined series functions as a dictionary.

Given suitable estimators for h; = (g;,m;)", we can then identify and estimate each of the
target parameters (aj)§ ' | via the empirical version of the moment equations

Elpi{w, aj,hj(z)}] =0 (G =1....,p),
where ¥ (w, a, t) = p(y — dja —t1)(dj — t2) and w = (y,dq,...,dp,,u")". These equations
have the orthogonality property:

OB ((w,05,1) | 23}/0M]| _, =0 (G =1,.-.p1).

The resulting estimation problem is subsumed as a special case in the next section.

3. INFERENCE ON MANY TARGET PARAMETERS IN Z-PROBLEMS

In this section we generalize the previous example to a more general setting, where p; tar-
get parameters defined via Huber’s Z-problems are of interest, with dimension p; potentially
much larger than the sample size. This framework covers median regression, its generalization
discussed above, and many other semi-parametric models.

The interest lies in p; = p1,, real-valued target parameters o, . . ., ap, . We assume that each
a; € Aj, where each A; is a non-stochastic bounded closed interval. The true parameter «; is
identified as a unique solution of the moment condition:

(16) Elpj{w, a;, hj(z)}] =0.

Here w is a random vector taking values in J/, a Borel subset of a Euclidean space, which
contains vectors z; (j = 1,...,p1) as subvectors, and each z; takes values in Zj; here z; and
zj with j # j' may overlap. The vector-valued function z +— h;(z) = {hjm(2)}}_; is a
measurable map from Z; to RM, where M is fixed, and the function (w, a, t) — ¥ (w, o, t) is
a measurable map from an open neighborhood of W x A; x RM to R. The former map is a
possibly infinite-dimensional nuisance parameter.

Suppose that the nuisance function i; = (hj,,,)M_, admits a sparse estimator Ej = (/ﬁ]m) M
of the form

p
k=1

where p = p, may be much larger than n while s = s, the sparsity level of Bj, is small
compared to n, and fj,,,; : Z; — R are given approximating functions.

The estimator & of ¢ is then constructed as a Z-estimator, which solves the sample analogue
of the equation (16):
(17) |Enlbj{w, a;, hj(z)}] < inf [Enldp{w, a; hj(z) ] + €n,

acAj

where €, = o(n~'/2b;1) is the numerical tolerance parameter and b,, = {log(ep1)}'/?; .,Zt\j is
a possibly stochastic interval contained in A; with high probability. Typically, A; = A; or can
be constructed by using a preliminary estimator of ;.
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In order to achieve robust inference results, we shall need to rely on the condition of orthogo-
nality, or immunity, of the scores with respect to small perturbations in the value of the nuisance
parameters, which we can express in the following condition:

(18) HE{Yj(w, aj,t) | 2j}li=n;(z;) =0,

where we use the symbol J; to abbreviate J/0t. It is important to construct the scores 1; to
have property (18) or its generalization given in Remark 3.1 below. Generally, we can con-
struct the scores 1); that obey such properties by projecting some initial non-orthogonal scores
onto the orthogonal complement of the tangent space for the nuisance parameter [?, ]]vdV-
W,vdV,kosorok:book. Sometimes the resulting construction generates additional nuisance pa-
rameters, for example, the auxiliary regression function in the case of the median regression
problem in Section 2.

In Conditions 2 and 3 below, ¢, ng, c1, and C; are given positive constants; M is a fixed
positive integer; 0,, | 0 and p,, | 0 are given sequences of constants. Let a,, = max(p1, p,n,e)
and b, = {log(ep1)}/2.

Condition 2. For every n > 1, we observe independent and identically distributed copies
(w;)7, of the random vector w, whose law is determined by the probability measure P € Py,
Uniformly inmn > ng, P € P,, and j = 1,...,p1, the following conditions are satisfied: (i)
the true parameter cj obeys (16); .Zj is a possibly stochastic interval such that with probabil-
ity 1 — 0p, [ = cin~?log?a,] C ./Zl\j C Aj; (ii) for P-almost every zj, the map (o, t) —
E{Yj(w,a,t) | z;} is twice continuously differentiable, and for every v € {a,ti,... ,ta},
E(supqg,ea, [0 E[j{w, a, hj(zj)} | zi]|?) < Ci; moreover, there exist constants Ly, >
1, Lo, > 1, and a cube T;(z;) = xM_  Tim(2;) in RM with center h;(z;) such that for every
v,V € {at, ...t} SUD(apyed,; xT; (=) 10O B (w, o, t) | 2j}| < Lin, and for every
a,af € Ayt 1" € Tj(z), E[{vhj(w, a,t) —ihj(w, o, #)}? | 2] < Lon(la — o[ + [t — #°);
(iii) the orthogonality condition (18) or its generalization stated in (20) below holds; (iv) the
following global and local identifiability conditions hold: 2|E[j{w, o, hj(z;)}]| > |T'j(a —
aj)| Aeiforallo € Aj, where I'j = O Epi{w,aj,hj(z;)}], and |T'j| > c1; and (v) the
second moments of scores are bounded away from zero: E[i/}?{w, aj, hi(z)} > e

Condition 2 states rather mild assumptions for Z-estimation problems, in particular, allowing
for non-smooth scores 1) such as those arising in median regression. They are analogous to
assumptions imposed in the setting with p = o(n), for example, in [13]. The following condition
uses a notion of pointwise measurable classes of functions [32].

Condition 3. Uniformly inn > ng, P € Pn, and j = 1,...,p1, the following conditions are
satisfied: (i) the nuisance function h; = (hjm)M_, has an estimator ﬁj = (ﬁjm)%zl with good
sparsity and rate properties, namely, with probability 1 — 6y, /f;j € Hj, where H; = X%lejm
and each H;y, is the class of functions %jm : Z; = R of the form Ejm(') = ZZ:I Jimk(+) Ok
such that ||(0mi )2 llo < 8, hijm(2) € Tjm(2) forall z € Zj, and E[{hjm(zj) — hjm ()} <
Cys(logay)/n, where s = s, > 1 is the sparsity level, obeying (iv) ahead; (ii) the class of
functions F; = {w — ¢;{w, a,%(zj)} T € Aj,ﬁ € H;U{h;}} is pointwise measurable and
obeys the entropy condition ent(e, F;) < C1Mslog(an/c) for all 0 < ¢ < 1; (iii) the class F;
has measurable envelope I > supycx, | f|, suchthat F = max;—1,..p, Fj obeys E{FI(w)} <
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C for some q > 4; and (iv) the dimensions p1, p, and s obey the growth conditions:
n—1/2{(s log an)1/2 + no /2t logan} < pn, pz/2(L2n5 log an)1/2 + n1/2LlnPEL < 6nb;1

Condition 3 (i) requires reasonable behavior of sparse estimators h j. In the previous section,
this type of behavior occurred in the cases where h; consisted of a part of a median regres-
sion function and a conditional expectation function in an auxiliary equation. There are many
conditions in the literature that imply these conditions from primitive assumptions. For the
case with ¢ = oo, Condition 3 (vi) implies the following restrictions on the sparsity indices:
(52 log® an)/n — 0 for the case where ¢ = 2, which typically happens when ); is smooth, and
(s®log® a,)/n — 0 for the case where s = 1, which typically happens when 1; is non-smooth.
Condition 3 (iii) bounds the moments of the envelopes, and it can be relaxed to a bound that
grows with n, with an appropriate strengthening of the growth conditions stated in (iv).

Condition 3 (ii) implicitly requires 1»; not to increase entropy too much; it holds, for example,
when 1, is a monotone transformation, as in the case of median regression, or a Lipschitz
transformation; see [32]. The entropy bound is formulated in terms of the upper bound s on the
sparsity of the estimators and p the dimension of the overall approximating model appearing via
arn. In principle our main result below applies to non-sparse estimators as well, as long as the
entropy bound specified in Condition 3 (ii) holds, with index (s, p) interpreted as measures of
effective complexity of the relevant function classes.

Recall that I'; = 0, E[y)j{w, a;, h;(2;)}]; see Condition 2 (iii). Define

o = BIU; 23 {w, aj, hi(2)}],  ¢j(w) = —o; 'T7 Wi{w, aj,hi(z)} (G =1,...,p1).
The following is the main theorem of this section; its proof is found in Appendix A.

Theorem 2. Under Conditions 2 and 3, uniformly in P € Py, with probability 1 — o(1),

max =o(b;!), n— .
J=1p1

n' PN @ —aj) —n Y gi(w)
=1

An immediate implication is a corollary on the asymptotic normality uniform in P € P,, and
7 =1,...,p1, which follows from Lyapunov’s central limit theorem for triangular arrays.

Corollary 2. Under the conditions of Theorem 2,

_max sup sup ‘prP {nl/QUgl(aj —aj) < t} - <I>(t)‘ =o(1), n— .
J=L,...p1 peP, teR

This implies, provided max;—i . p, |0; — 0| = op(1) uniformly in P € P, that

prp {aj € [a; £ 20711 - g/z)]} (1- g)‘ —o(1), 1 — oo

max  sup
J=L1,...p1 pecp,
This result leads to marginal confidence intervals for «;, and shows that they are valid uni-
formlyin P€ P,andj =1,...,p;.
Another useful implication is the high-dimensional central limit theorem uniformly over
rectangles in RP!, provided that (logp;)” = o(n), which follows from Corollary 2.1 in [9].
Let ' = (Nj)}_, be a normal random vector in RP* with mean zero and covariance matrix

[E{¢;(w)pj (w)}]%/:l. Let R be a collection of rectangles R in RP! of the form

R = {z € RP' :max z; < t,max(—z;) < t} (teR,A,BC{l,...,p1}).
jeA jeB
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For example, when A = B = {1,...,p1}, R ={z € RP' : max;—1__p, |z;| <t}
Corollary 3. Under the conditions of Theorem 2, provided that (log p1)” = o(n),

sup sup ‘prp [nl/Z{aj_l(aj — o)L, € R} —prp(N € R)’ =o(l), n— occ.
PeP, RER

-----

sup ‘prp (aj €la;+ cl,gajnflm], j=1,... ,p1> —(1=¢|=o0(1), n— oo
PePy,

This result leads to simultaneous confidence bands for («; )?1:1 that are valid uniformly in
P € P,,. Moreover, Corollary 3 is immediately useful for testing multiple hypotheses about
(aj)g’l:l via the step-down methods of [28] which control the family-wise error rate; see [9] for
further discussion of multiple testing with p; >> n.

In practice the distribution of N is unknown, since its covariance matrix is unknown, but it
can be approximated by the Gaussian multiplier bootstrap, which generates a vector

1 n p1
(19) N* = (NP, = {nl/z Zg@j(wi)} :
=1 j=1

where (&;)7_, are independent standard normal random variables, independent of the data (w;)?_;,
and ¢; are any estimators of ¢;, such that

max [Eu{¢j(w)oy(w)} — En{g;(w)ey(w)}] = op(b;")

33" €{1,...p1}
uniformly in P € P,,. Let 3]2- = En{gg?(w)} Theorem 3.2 in [9] then implies the following
result.

Corollary 4. Under the conditions of Theorem 2, provided that (log p1)” = o(n), with proba-
bility 1 — o(1) uniformly in P € Py,

sup sup [prp{N* € R | (wi)i} — prp(N € R)[ = o(1).
PePn, RER

This implies, in particular, that for ¢1_¢ = (1 — &)-conditional quantile of max;—1, . p, \N}* |,

sup
PeP,

prp (aj elajtaeom 7, j=1,... ,p1> -(1- 5)‘ = o(1).

Comment 3.1. The proof of Theorem 2 shows that the orthogonality condition (18) can be
replaced by a more general orthogonality condition:

(20) En(z;)"{hj(z) = hj(z)}1 =0, (hj € Hj, j=1,...,p1),

where 7(z2;) = O E{tj(w, aj, t) | 2j}|s=p,(z;)> Or even more general condition of approximate
orthogonality: E[n(zj)T{Ej(zj) — hj(z)}] = o(n~Y/2b;1) uniformly in ﬁj € Hjand j =
1,...,p1. The generalization (20) has a number of benefits, which could be well illustrated
by the median regression model of Section 1, where the conditional moment restriction E(v; |

x;) = 0 could be now replaced by the unconditional one E(v;x;) = 0, which allows for more
general forms of data-generating processes.
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4. MONTE CARLO EXPERIMENTS

We consider the regression model
(21 yi = diog + i (¢ybo) + €, di = i (cqbo) + vi,

where ag = 1/2, 6p; = 1/42 (j = 1,...,10), and Op; = 0 otherwise, z; = (1, 2])T consists
of an intercept and covariates z; ~ N(0,3), and the errors ¢; and v; are independently and
identically distributed as N (0, 1). The dimension p of the controls z; is 300, and the sample size
n is 250. The covariance matrix X has entries YJ;; = pl"=7l with p = 0-5. The coefficients Cy
and ¢4 determine the R? in the equations y; — d;ag = 27 (cy00) +¢€; and d; = x7 (cabp) +v;. We
vary the R? in the two equations, denoted by Rz and Rﬁ respectively, in the set {0,0-1,...,0-9},
which results in 100 different designs induced by the different pairs of (R?/, R(Zi); we performed
500 Monte Carlo repetitions for each.

The first equation in (32) is a sparse model. However, unless ¢, is very large, the decay of the
components of 6 rules out the typical assumption that the coefficients of important regressors
are well separated from zero. Thus we anticipate that the standard post-selection inference
procedure, discussed around (3), would work poorly in the simulations. In contrast, from the
prior theoretical arguments, we anticipate that our instrumental median estimator would work
well.

The simulation study focuses on Algorithm 1, since Algorithm 2 performs similarly. Standard
errors are computed using (11). As the main benchmark we consider the standard post-model
selection estimator & based on the post /1-penalized median regression method (3).

In Figure 1, we display the empirical false rejection probability of tests of a true hypothesis
a = oy, with nominal size 5%. The false rejection probability of the standard post-model se-
lection inference procedure based upon & deviates sharply from the nominal size. This confirms
the anticipated failure, or lack of uniform validity, of inference based upon the standard post-
model selection procedure in designs where coefficients are not well separated from zero so that
perfect model selection does not happen. In sharp contrast, both of our proposed procedures,
based on estimator ¢ and the result (10) and on the statistic L,, and the result (13), closely track
the nominal size. This is achieved uniformly over all the designs considered in the study, and
confirms the theoretical results of Corollary 1.

In Figure 2, we compare the performance of the standard post-selection estimator & and our
proposed post-selection estimator ¢.. We use three different measures of performance of the two
approaches: mean bias, standard deviation, and root mean square error. The significant bias for
the standard post-selection procedure occurs when the main regressor d; is correlated with other
controls x;. The proposed post-selection estimator ¢& performs well in all three measures. The
root mean square errors of ¢ are typically much smaller than those of «, fully consistent with
our theoretical results and the semiparametric efficiency of ¢.

SUPPLEMENTARY MATERIAL

In the supplementary material we provide omitted proofs, technical lemmas, discuss exten-
sions to the heteroscedastic case, and alternative implementations.

APPENDIX A. PROOF OF THEOREM 2

A.1. A maximal inequality. We first state a maximal inequality used in the proof of Theorem
2.
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(b)

ility

Rejection probability
Rejection probabi

50%

50%

ility

Rejection probabi

30% 30%

Rejection probability

FIGURE 1. The empirical false rejection probabilities of the nominal 5% level
tests based on: (a) the standard post-model selection procedure based on &, (b)
the proposed post-model selection procedure based on ¢, (c) the score statistic
L, and (d) an ideal procedure with the false rejection rate equal to the nominal
size.

Lemma 1. Let w, w1, ..., w, be independent and identically distributed random variables tak-
ing values in a measurable space, and let J be a pointwise measurable class of functions on that
space. Suppose that there is a measurable envelope F' > sup s r | f| such that E{F(w)} < oo
for some q > 2. Consider the empirical process indexed by F: G, (f) = n~1/? Yo f(ws) —
E{f(w)}],f € F. Let o > 0 be any positive constant such that sup . r E{f*(w)} <

02 < E{F*(w)}. Moreover, suppose that there exist constants A > e and s > 1 such that

ent(e, F) < slog(A/e) forall 0 < ¢ < 1. Then

B sup[Gu()] b < K| {s0? og(A[E{F2(w)}]/2/) )"
fer

+ 0~V B{FI(w)}]Y log(A[E{F%(w)}]V?/0)|,
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Bias
Bias

(b) (e)

Standard deviation
Standard deviation

Root mean square error
Root mean square error

FIGURE 2. Mean bias (top row), standard deviation (middle row), root mean
square (bottom row) of the standard post-model selection estimator & (panels
(a)-(c)), and of the proposed post-model selection estimator ¢ (panels (d)-(f)).

where K is a universal constant. Moreover, for every t > 1, with probability not less than
1—¢9/2

sup |G ()] < 2B 4 sup |Ga(f)] b + Ky (ot/2 4 n VBRI (w) 1) /0t)
fer feF

where K is a constant that depends only on q.

Proof. The first and second inequalities follow from Corollary 5.1 and Theorem 5.1 in [10]
applied with o = 1, using that [F{max;—;__, F?(w;)}]"/? < [B{max;—1, _n F9(w;)}]"/? <

g

Y E{F(w)}]"/4, O

A.2. Proof of Theorem 2. It suffices to prove the theorem under any sequence P = P,, € P,.
We shall suppress the dependence of P on 7 in the proof. In this proof, let C' denote a generic
positive constant that may differ in each appearance, but that does not depend on the sequence
P ePy,n,orj=1,...,p1. Recall that the sequence p, | 0 satisfies the growth conditions in
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Condition 3 (iv). We divide the proof into three steps. Below we use the following notation: for
any given function g : W — R, Gy, (9) = n= Y231 [g(w;) — E{g(w)}].

Step 1. Let &; be any estimator such that with probability 1 — o(1), max;—1,.. p, |0 — o] <
C'py,,. We wish to show that, with probability 1 — o(1),

Enlthi{w, @, hj(2)}] = Ealtj{w, aj, hj(z)}] + T(a — ;) + o(n™ /20, 1),
uniformly in j =1, ..., p;. Expand

En W’J{U), aja h‘](’zj)}] = En W}j{w7 ay, h](ZJ)H =+ EW’J{U% Q, h(zj)}] |a:aj,l~1:/ﬁj
+n PG {w, &, by (2)} — ifw, oy, hy(2)}Y) = [ + 11 + 1115,
where we have used E[yj{w, a;, h;(2;)}] = 0. We first bound I1I;. Observe that, with proba-
bility 1 — o(1), max;—1,_, |[I1I;| < n~'/?2 supser |Gn(f)], where F is the class of functions
defined by
F={w e ¥ {w, a, h(z)}—i{w, aj,hi(z)} i j=1,...,p1,h € Hj, o € Aj, |a—a,| < Cpp},

which has 2F' as an envelope. We apply Lemma 1 to this class of functions. By Condition 3 (ii)
and a simple covering number calculation, we have ent(e, F) < C'slog(ay/c). By Condition 2
(i), sup s 7 E{f*(w)} is bounded by

~ 2
s B{E ([t k@) - vt b)) 15) | <,

j=1,...,p1,(a,h)€A; xH,;

|a—a;|<Cpn
where we have used the fact that E[{h(2;) — hjm(z;)}2) < Cp2 forallm = 1,..., M
whenever h = (h,,)M_, € ‘H;. Hence applying Lemma 1 with ¢ = logn, we conclude that,
with probability 1 — o(1),
n'/? max |[I11;| < sup |Gn(f)] < C{pS/?(Lapslogan)?+n~ 1?1 1510g a,} = o(b; 1),
J=1-.pP1 fe]:

where the last equality follows from Condition 3 (iv). L

Next, we expand I1;. Pick any o € A; with |a — oj| < Cpy, b = (hm)M_, € H;. Then by
Taylor’s theorem, for any j = 1,...,p; and z; € Zj, there exists a vector (a(z;),t(z;)")" on
the line segment joining («, h(z;)")" and (o, hj(2z;)")" such that Ey;{w, o, h(2;)}] can be
written as

Elpi{w, o, hj(z)}] + E(OaE[Yj{w, o, hj(z;)} | zj]) (e — o)

+ Yot EAE (O, Eli{w, 0, hj(2)} | 25)) {hum(2) = Bjm(25)}}

+ 27 B(ORE{w, alz), #(z)} | z]) (@ — a;)?

+ 2 B (0,0, Bl {w, a(25), #(2)} | 2i]{hm(25) — hym (25) M (25) = hjme (25)})
(22)

+ Y1 E(0a0h, Bl {w, a(2;), 1(z)} | (@ — a){hm(z) = hjm(2)}).

The third term is zero because of the orthogonality condition (18). Condition 2 (ii) guar-

antees that the expectation and derivative can be interchanged for the second term, that is,
E (0o EYj{w, aj,hj(z5)} | 2j]) = 0aEYj{w,aj,hj(2;)}] = I';. Moreover, by the same
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condition, each of the last three terms is bounded by CLy,p2 = o(n_l/ 2p,;1), uniformly in
4 =1,...,p1. Therefore, with probability 1 — o(1), IT; = T;(a@; — ;) + o(n"'/?b; 1), uni-
formly in j = 1,...,p;. Combining the previous bound on //I; with these bounds leads to the
desired assertion.

Step 2. We wish to show that with probability 1 — o(1), infaeﬁj |EnYi{w, a,ﬁj(zj)}]] =
o(n~Y2b; 1), uniformly in j = 1, ..., p;. Define o =aj— Fj_lEn[wj{w, aj, hi(z5)} (=
1,...,p1). Then we have max;—1 __p, o] — ;| < Cmaxj=y  p [En[tj{w, oy, hj(2;) .
Consider the class of functions 7/ = {w — ¢;{w, a;, hj(z;)} : 5 = 1,...,p1}, which has F
as an envelope. Since this class is finite with cardinality p;, we have ent(e, ') < log(p1/e).
Hence applying Lemma 1 to F’ with o = [E{F?(w)}]'/? < C and t = log n, we conclude that
with probability 1 — o(1),

e |l {w, oy, hy(2)H] < Cn™ 2 {(log an)* 40! M logay} < CnH 2 log an.
Since ﬁj O [oj+e1n~ 2 1og? a,,] with probability 1 —o(1), o € ./Tj with probability 1 —o(1).
Therefore, using Step 1 with &; = o], we have, with probability 1 — o(1),

inf | Ep[vhj{w, o, hj(z)H| < |Enlthj{w, o, hi(z) | = o(n™ 26,1,
QGA]'
uniformly in j = 1,..., p1, where we have used the fact that E,,[¢); {w, aj, h;(z;)}] + T'j(a] —
Odj) =0.
Step 3. We wish to show that with probability 1—o(1), max;—1, 5, |&;j—a;| < Cpy. By Step
2 and the definition of &, with probability 1—o(1), we have max;—1,__p, |En[¢j{w, &;, hj(z;)}]| =
o(n~Y/2b;1). Consider the class of functions 7" = {w — ¢;j{w,a, h(z;)} : 5 =1,...,p1,a €

Aj, h € H; U{h;}}. Then with probability 1 — o(1),

| Bultb{w, @, hyj(z) Y| = (Bl {w, o h(z) Y| s, 5, —n*1/2§1€12|Gn(f)\,

uniformly in j = 1,...,p;. Observe that 7" has F' as an envelope and, by Condition 3 (ii) and
a simple covering number calculation, ent(e, F”) < Cslog(a,/e). Then applying Lemma 1
with o = [E{F?(w)}]'/? < C and t = logn, we have, with probability 1 — o(1),
nY2 sup |Gn(f)] < Cn~ Y2 {(slogan)? +n~V**Vsloga,} = O(pn).
feF!

Moreover, application of the expansion (22) with a; = « together with the Cauchy—Schwarz
inequality implies that |Ey;j{w, a, h(2;)}] — E[Y;{w, o, hj(z;)}]| is bounded by C(p, +
Linp2) = O(pr), so that with probability 1 — o(1),

Efj{w, o, h(zj)Nloes, 5, | 2 [El{w, @ hj(2) Hlaza,| = Olpn),

uniformly in j = 1,...,p1, where we have used Condition 2 (ii) together with the fact that
E[{hm(2;) — hjm(2;)}?] < Cp? forall m = 1,..., M whenever h = (h,,,)M_, € H;. By
Condition 2 (iv), the first term on the right side is bounded from below by (1/2){|T';(a; —
a;)| A c1}, which, combined with the fact that |I';| > ¢;, implies that with probability 1 — o(1),
|a; — aj| < o(n=2b;1) + O(pn) = O(py), uniformly in j = 1,...,p;.
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Step 4. By Steps 1 and 3, with probability 1 — o(1),

Enlpi{w, 6, hi(2)}] = Enltbi{w, aj, hj(2)}) + T;(8; — ;) + o(n~ /20, ),

uniformly in j = 1,...,p;. Moreover, by Step 2, with probability 1 — o(1), the left side is
o(n~Y/2b;1) uniformly in j = 1,...,p;. Solving this equation with respect to (@; — «;) leads
to the conclusion of the theorem. U

REFERENCES

[1] Donald WK Andrews. Empirical process methods in econometrics. Handbook of Econometrics, 4:2247-2294,
1994.

[2] A. Belloni, D. Chen, V. Chernozhukov, and C. Hansen. Sparse models and methods for optimal instruments
with an application to eminent domain. Econometrica, 80(6):2369-2430, November 2012.

[3] A. Belloni and V. Chernozhukov. ¢;-penalized quantile regression for high dimensional sparse models. Ann.
Statist., 39(1):82-130, 2011.

[4] A. Belloni, V. Chernozhukov, and C. Hansen. Inference for high-dimensional sparse econometric models. Ad-
vances in Economics and Econometrics: The 2010 World Congress of the Econometric Society, 3:245-295,
2013.

[5]1 A. Belloni, V. Chernozhukov, and C. Hansen. Inference on treatment effects after selection amongst high-
dimensional controls. Rev. Econ. Stud., 81:608-650, 2014.

[6] A.Belloni, V. Chernozhukov, and L. Wang. Pivotal estimation via square-root lasso in nonparametric regression.
Ann. Statist., 42:757-788, 2014.

[7] P.J. Bickel, Y. Ritov, and A. B. Tsybakov. Simultaneous analysis of lasso and Dantzig selector. Ann. Statist.,
37(4):1705-1732, 2009.

[8] E. Candes and T. Tao. The Dantzig selector: statistical estimation when p is much larger than n. Ann. Statist.,
35(6):2313-2351, 2007.

[9] V. Chernozhukov, D. Chetverikov, and K. Kato. Gaussian approximations and multiplier bootstrap for maxima
of sums of high-dimensional random vectors. Ann. Statist., 41(6):2786-2819, 2013.

[10] V. Chernozhukov, D. Chetverikov, and K. Kato. Gaussian approximation of suprema of empirical processes.
Ann. Statist., 42:1564-1597, 2014.

[11] Victor Chernozhukov and Christian Hansen. Instrumental variable quantile regression: A robust inference ap-
proach. J. Econometrics, 142:379-398, 2008.

[12] Victor H. de la Peiia, Tze Leung Lai, and Qi-Man Shao. Self-normalized Processes: Limit Theory and Statistical
Applications. Springer, New York, 2009.

[13] Xuming He and Qi-Man Shao. On parameters of increasing dimensions. J. Multivariate Anal., 73(1):120-135,
2000.

[14] P.J. Huber. Robust regression: asymptotics, conjectures and Monte Carlo. Ann. Statist., 1:799-821, 1973.

[15] Guido W. Imbens. Nonparametric estimation of average treatment effects under exogeneity: A review. Rev.
Econ. Stat., 86(1):4-29, 2004.

[16] Roger Koenker. Quantile Regression. Cambridge University Press, Cambridge, 2005.

[17] Michael R. Kosorok. Introduction to Empirical Processes and Semiparametric Inference. Springer, New York,
2008.

[18] Sokbae Lee. Efficient semiparametric estimation of a partially linear quantile regression model. Econometric
Theory, 19:1-31, 2003.

[19] Hannes Leeb and Benedikt M. Potscher. Model selection and inference: facts and fiction. Econometric Theory,
21:21-59, 2005.

[20] Hannes Leeb and Benedikt M. Potscher. Sparse estimators and the oracle property, or the return of Hodges’
estimator. J. Econometrics, 142(1):201-211, 2008.

[21] Hua Liang, Suojin Wang, James M. Robins, and Raymond J. Carroll. Estimation in partially linear models with
missing covariates. J. Amer. Statist. Assoc., 99(466):357-367, 2004.

[22] J. Neyman. Optimal asymptotic tests of composite statistical hypotheses. In U. Grenander, editor, Probability
and Statistics, the Harold Cramer Volume. New York: John Wiley and Sons, Inc., 1959.



18
(23]
[24]

[25]
[26]

[27]
(28]

[29]
(30]
(31]
(32]
(33]

(34]

UNIFORM POST SELECTION INFERENCE FOR Z-PROBLEMS

S. Portnoy. Asymptotic behavior of M-estimators of p regression parameters when p? /7 is large. I. Consistency.
Ann. Statist., 12:1298-1309, 1984.

S. Portnoy. Asymptotic behavior of M-estimators of p regression parameters when p?/n is large. II. Normal
approximation. Ann. Statist., 13:1251-1638, 1985.

J. L. Powell. Censored regression quantiles. J. Econometrics, 32:143-155, 1986.

James M. Robins and Andrea Rotnitzky. Semiparametric efficiency in multivariate regression models with miss-
ing data. J. Amer. Statist. Assoc., 90(429):122-129, 1995.

P. M. Robinson. Root-n-consistent semiparametric regression. Econometrica, 56(4):931-954, 1988.

Joseph P. Romano and Michael Wolf. Stepwise multiple testing as formalized data snooping. Econometrica,
73(4):1237-1282, July 2005.

M. Rudelson and S. Zhou. Reconstruction from anisotropic random measurements. I[EEE Trans. Inform. Theory,
59:3434-3447, 2013.

R. J. Tibshirani. Regression shrinkage and selection via the Lasso. J. R. Statist. Soc. B, 58:267-288, 1996.

A. W. van der Vaart. Asymptotic Statistics. Cambridge University Press, Cambridge, 1998.

A. W. van der Vaart and J. A. Wellner. Weak Convergence and Empirical Processes: With Applications to
Statistics. Springer-Verlag, New York, 1996.

Lie Wang. L, penalized LAD estimator for high dimensional linear regression. J. Multivariate Anal., 120:135—
151, 2013.

Cun-Hui Zhang and Stephanie S. Zhang. Confidence intervals for low-dimensional parameters with high-
dimensional data. J. R. Statist. Soc. B, 76:217-242, 2014.



UNIFORM POST SELECTION INFERENCE FOR Z-PROBLEMS 19

Suplementary Material
Uniform Post Selection Inference for Least Absolute Deviation
Regression and Other Z-estimation Problems

This supplementary material contains omitted proofs, technical lemmas, discus-
sion of the extension to the heteroscedastic case, and alternative implementa-
tions of the estimator.

APPENDIX B. ADDITIONAL NOTATION IN THE SUPPLEMENTARY MATERIAL

In addition to the notation used in the main text, we will use the following notation. Denote
by || - ||oo the maximal absolute element of a vector. Given a vector 6 € RP and a set of
indices ' C {1,...,p}, we denote by 7 € RP the vector such that (07); = J; if j € T and
(o7); = 0if j ¢ T. For a sequence ()7, of constants, we write 2|2, = {En(2)}/? =
(n=t 3", 22)1/2. For example, for a vector § € RP and p-dimensional regressors (z;);,
|27 8]|2.n = [En{(xF5)?}]'/? denotes the empirical prediction norm of &. Denote by | - || p2 the
population L?-seminorm. We also use the notation a < b to denote a < cb for some constant
¢ > 0 that does not depend on n; and a Sp b to denote a = Op(b).

APPENDIX C. GENERALIZATION AND ADDITIONAL RESULTS FOR THE LEAST ABSOLUTE
DEVIATION MODEL

C.1. Generalization of Section 2 to heteroscedastic case. We emphasize that both proposed
algorithms exploit the homoscedasticity of the model (1) with respect to the error term e;.
The generalization to the heteroscedastic case can be achieved as follows. Recall the model
yi = diag + x] Bo + €; where €; is now not necessarily independent of d; and x; but obeys
the conditional median restriction pr(e; < 0 | d;,x;) = 1/2. To achieve the semiparametric
efficiency bound in this general case, we need to consider the weighted version of the auxiliary
equation (4). Specifically, we rely on the weighted decomposition:

(23) fidi = fiwi 05 + v, E(fivf [2:) =0 (i=1,...,n),

where the weights are the conditional densities of the error terms ¢; evaluated at their conditional
medians of zero:

which in general vary under heteroscedasticity. With that in mind it is straightforward to adapt
the proposed algorithms when the weights ( f;);; are known. For example Algorithm 1 becomes
as follows.

Algorithm 1'. The algorithm is based on post-model selection estimators.

Step (i). Run post-£1-penalized median regression of y; on d; and x;; keep fitted value :L'ZTB
Step (ii). Run the post-lasso estimator of fid; on fix;; keep the residual v} = f;(d; — 3:35)
Step (iii). Run instrumental median regression of y; — xfg on d; using v} as the instrument.
Report & and/or perform inference.
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Analogously, we obtain Algorithm 2, as a generalization of Algorithm 2 in the main text,
based on regularized estimators, by removing the word “post” in Algorithm 1’.

Under similar regularity conditions, uniformly over a large collection P;; of distributions of
{(ys,d;, x])"}1_,, the estimator ¢ above obeys

{AE(wH Y202 (@ — ap) — N(0,1)

in distribution. Moreover, the criterion function at the true value o in Step (iii) also has a pivotal
behavior, namely

nLn(CVO) — X%

in distribution, which can also be used to construct a confidence region //1\5 based on the L,-
statistic as in (13) with coverage 1 — £ uniformly in a suitable collection of distributions.

In practice the density function values (f;)?"_; are unknown and need to be replaced by esti-
mates (ﬁ)?zl The analysis of the impact of such estimation is very delicate and is developed
in the companion work “Robust inference in high-dimensional approximately sparse quantile
regression models” (arXiv:1312.7186), which considers the more general problem of uniformly
valid inference for quantile regression models in approximately sparse models.

C.2. Minimax Efficiency. The asymptotic variance, (1/4){E(v}?)} !, of the estimator & is
the semiparametric efficiency bound for estimation of ag. To see this, given a law P,, with
1Bollo V 165 1l0 < s/2, we first consider a submodel P$™® C P such that P, € P, indexed by
the parameter t = (t1,t2) € R? for the parametric components ayg, 3o and described as:

yi = di(ao +t1) + z; (Bo + t20p) + €,
fidi = fixi 05 +v;, E(fiv] | ;) =0,

where the conditional density of ¢; varies. Here we use P to denote the overall model collecting
all distributions for which a variant of conditions of Theorem 1 permitting heteroscedasticity is
satisfied. In this submodel, setting ¢ = 0 leads to the given parametric components «y, 5 at P,,.
Then by using a similar argument to [18], Section 5, the efficient score for ay in this submodel
is

Si = 4p(yi — diag — x; Po) filds — 27 05} = 4p(ei)vy,
so that {E(S?)}~1 = (1/4){E(v;?)}~! is the efficiency bound at P, for estimation of «
relative to the submodel, and hence relative to the entire model P}, as the bound is attainable

by our estimator ¢& uniformly in P, in P;. This efficiency bound continues to apply in the
homoscedastic model with f; = f. for all i.

C.3. Alternative implementation via double selection. An alternative proposal for the method
is reminiscent of the double selection method proposed in [5] for partial linear models. This ver-
sion replaces Step (iii) with a median regression of y on d and all covariates selected in Steps (i)
and (ii), that is, the union of the selected sets. The method is described as follows:

Algorithm 3. The algorithm is based on double selection.
Step (i). Run ¢1-penalized median regression of y; on d; and x;:

-~

~ . A
(@,5) € argmin By (|ys — dior = a7 5l) + 2|9, 7)1
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Step (ii). Run lasso of d; on x;:
o . T )2 A2
S argmelnEn{(di —z;0)°} + ;HFQHL
Step (iii). Run median regression of y; on d; and the covariates selected in Steps (i) and (ii):
(&, ) € arg rglﬂn {En(]yl —dija — x; f]) : supp(B) C supp(3) U supp(d )}

Report & and/or perform inference.

The double selection algorithm has three main steps: (i) select covariates based on the stan-
dard /¢ -penalized median regression, (ii) select covariates based on heteroscedastic lasso of the
treatment equation, and (ii) run a median regression with the treatment and all selected covari-
ates.

This approach can also be analyzed through Theorem 2 since it creates instruments implicitly.
To see that let 7* denote the variables selected in Steps (i) and (ii): T = supp(g) U supp(g).
By the first order conditions for (cv, 5) we have

| Bn {twi = dic— 2T B) i,z )" } | = O max |dil + Kl T*|Y)(1 + 1))/},

which creates an orthogonal relation to any linear combination of (d;, xjf ). In particular, by
taking the linear combination (d;, rs,) (1 —5%*) =di— x5, 0 — d; — 270 = ©;, which is
the instrument in Step (ii) of Algorithm 1, we have

En{p(yi — dic — i )z} = O{|(1, =) | ( max |di| + Kn|T*['/%)(1 + T7]) /n}.

As soon as the right side is op(n~'/2), the double selection estimator ¢ approximately mini-
mizes .

oo | Bae(yi — dia — a7 B)5i}

Ln(a) = N T3\127521°

Ey[{p(yi — dicd — xf B) }?07]

where ©; is the instrument created by Step (ii) of Algorithm 1. Thus the double selection esti-
mator can be seen as an iterated version of the method based on instruments where the Step (1)
estimate (3 is updated with 3.

APPENDIX D. AUXILIARY RESULTS FOR ¢1-PENALIZED MEDIAN REGRESSION AND
HETEROSCEDASTIC LASSO

D.1. Notation. In this section we state relevant theoretical results on the performance of the es-
timators: ¢1-penalized median regression, post-¢1-penalized median regression, heteroscedastic
lasso, and heteroscedastic post-lasso estimators. There results were developed in [3] and [2]. We
keep the notation of Sections 1 and 2 in the main text, and let z; = (d;, 2] )". Throughout the
section, let cg > 1 be a fixed constant chosen by users. In practice, we suggest to take cg = 1-1
but the analysis is not restricted to this choice. Moreover, let ¢{, = (co + 1)/(co — 1). Recall the
definition of the minimal and maximal m-sparse eigenvalues of a matrix A as

0T AS 0T A6
O R s 7

¢min (m7 A) =
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where m = 1,...,p. Alsorecall dumin(m) = Gmin{m, B(T:Z})}, dmax(M) = dmax{m, E(Z:77)},
and define ¢min(m) = (z)min{m’ En(%z%;r)}a d)fnln(m) = ¢min{m7 En(xlx;r)}a and ¢§1ax(m) =
Bmax{m, En(x;xT)}. Observe that ¢max(m) < 2E,(d?) + 2¢%,.(m).

D.2. /;-penalized median regression. Suppose that {(y;,z} )" }!"_; are independent and iden-
tically distributed random vectors satisfying the conditional median restriction

pr(y; <aimo | Zi) =1/2 (i=1,...,n).

We consider the estimation of 7 via the ¢;-penalized median regression estimate
~ . —r A
7 € argmin En(lyi — 2 n)) + [ ¥nlh,

where U2 = diag{E,(7%), ... ,En(E?p)} is a diagonal matrix of penalty loadings. As estab-
lished in [3] and [33], under the event that

A _ - -
(25) ~ > 20| W YEL[{1/2 = 1y < Zn0)}3]| oo

the estimator above achieves good theoretical guarantees under mild design conditions. Al-
though 7 is unknown, we can set A so that the event in (25) holds with high probability. In
particular, the pivotal rule discussed in [3] proposes to set A\ = conA(1 — 7 | Z) with v — 0
where

(26) Al =~]7) = Q1 —~,2| ¥ B [{1/2 - 1(U; < 1/2)}24] ] ),

where Q(1 — 7, Z) denotes the (1 — y)-quantile of a random variable Z. Here Uy, ..., U, are
independent uniform random variables on (0, 1) independent of z1, ..., Z,. This quantity can
be easily approximated via simulations. The values of « and cg are chosen by users, but we
suggest to take v = «, = 0-1/logn and ¢y = 1-1. Below we summarize required technical
conditions.

Condition 4. Assume that ||lmollo = s > 1, E(Z};) = 1, |E.(};) = 1] < 1/2forj =1,...,p
with probability 1 — o(1), the conditional density of y; given T;, denoted by f;(-), and its de-
rivative are bounded by f and f', respectively, and f;(Z}no) > f > 0 is bounded away from
zero.

Condition 4 is implied by Condition 1 after a normalizing the variables so that &/ (3612]) = 1for
7 = 1,...,p. The assumption on the conditional density is standard in the quantile regression
literature even with fixed p or p increasing slower than n, see respectively [16] and [13].

We present bounds on the population prediction norm of the ¢;-penalized median regression
estimator. The bounds depend on the restricted eigenvalue proposed in [7], defined by

Ry = 5&%{0 1276 P2/ 1107,
where T = supp(n0), Ay = {6 € RPT : (|37, |11 < 3¢h||o[[1} and T¢ = {1,...,p + 1}\T.

The following lemma follows directly from the proof of Theorem 2 in [3] applied to a single
quantile index.
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Lemma 2. Under Condition 4 and using \ = conA(1 — v | Z) < [nlog{(p V n)/v}]"/? we

have with probability at least 1 — v — o(1),

. 1 [slog{(pVn)/7}]"?
1Z; (7 —no)llp2 S = ,
co n
provided that
nl/QRco ff/ H.’L‘

[slog{(pV )/} 72 f s¢hc, B[ 0])
Lemma 2 establishes the rate of convergence in the population prediction norm for the ¢;-
penalized median regression estimator in a parametric setting. The extra growth condition re-
quired for identification is mild. For instance for many designs of interest we have

inf ||2"8]|%,/E(716)?
S "o/ BT
bounded away from zero as shown in [3]. For designs with bounded regressors we have

12%8l1h . ||l2"6| pa Feg
m =Tt s3 2 1 —~ > =,
sehey E(|Z701%) ~ 6€hcy 61K, sY/2(1 + 3c)) Ky

where IN(n is a constant such that I?n > ||Zi]|co almost surely. This leads to the extra growth
condition that K2s%log(p V n) = o(R2,n).

In order to alleviate the bias introduced by the ¢;-penalty, we can consider the associated
post-model selection estimate associated with a selected support T

@) i € argmin { E,(lys — &) : supp(n) < T}

The following result characterizes the performance of the estimator in (27); see Theorem 5 in
[3] for the proof.

Lemma 3. Suppose that supp(7}) C T and let § = |T|. Then under the same conditions of
Lemma 2,

13~ )l ea S {
provided that

n1/2{¢m1n(3+5)/¢max(5+3)}1/2/\"fco ff/ i HxT(SHPZ
[slog{(p v n)/v}]1/? I 16loss+s E(IT70P)

Lemma 3 provides the rate of convergence in the prediction norm for the post model selection
estimator despite possible imperfect model selection. The rates rely on the overall quality of
the selected model, which is at least as good as the model selected by ¢;-penalized median
regression, and the overall number of components 5. Once again the extra growth condition
required for identification is mild.

(5+ 5)6max (5 + 5) log(n v p) }1/2 s [slog{oo v n)/v}} 2
NPmin (5 + 5) Ko n ’

Comment D.1. In Step (i) of Algorithm 2 we use {1-penalized median regression with z; =
(di,z])", 5= 77 no = (a— ap, BT — B3)", and we are interested in rates for ||z} (ﬁ Bo)ll P2
instead of [|Z76]| po. However, it follows that

¥ (B = Bo)

2 < |7
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Since s > 1, without loss of generality we can assume the component associated with the
treatment d; belongs to T, at the cost of i increasing the cardinality of T by one which will not
affect the rate of convergence. Therefore we have that

|8 — aol < (|05 < [1Z76][p2/Feco,

provided that 5 € A.,, which occurs with probability at least 1 — ~. In most applications of
interest ||d;|| p2 and 1/R,, are bounded from above. Similarly, in Step (i) of Algorithm 1 we
have that the post-/;-penalized median regression estimator satisfies

127 (B = Bo)llp2 < 177 0]l p2 |1+ Idillpa/{bmin (3 + 8)}'/?| .
D.3. Heteroscedastic lasso. In this section we consider the equation (4) of the form
d; :.CCEHO—I-UZ', E(’Ui | a:,) =0 (i: 1,...,n),

where we observe {(d;, z] )"}, that are independent and identically distributed random vec-
tors. The unknown support of 6 is denoted by Ty and it satisfies |Ty| < s. To estimate 0y, we
compute

28) 7 & argmin B,{(d: — 2707} + 2T0]1,

where A and T are the associated penalty level and loadings which are potentially data-driven.
We rely on the results of [2] on the performance of lasso and post-lasso estimators that allow for
heteroscedasticity and non-Gaussianity. According to [2], we use an initial and a refined option
for the penalty level and the loadings, respectively

= [Ey, {33 (di — d)* 120 X =2en!207 {1 — v/(2p)},
w = {En(a%; @)}1/2 A =2en!2®71{1 — ~/(2p)},

forj =1,...,p, where ¢ > 1 is a fixed constant, v € (1/n,1/logn), d = E,(d;) and v; is an
estimate of v; based on lasso with the initial option or iterations.

We make the following high-level conditions. Below c;, (' are given positive constants, and
¢, T oo is a given sequence of constants.

29)

Condition 5. Suppose that (i) there exists s = s, > 1 such that ||0pllo < s. (i) E(d?)

Ci,minj—; __, E(x%) > c1, E(v? | ) > ¢1 almost surely, and max;—1,.. p E(\xide-P)

Ci.  (iii) max;—y,. p{E(|ijvi|3)}1/3 log'/2(n v p) = o(n'/%). (iv) With probability 1 —
o(1), masj—y,..p |Bn(a3,02) — B(a20?)| V maxjr,..p | En(23,d?) — E(a3,d?)| = o(1) and
max;—1, . ||zil|2.slog(n V p) = o(n). (v) With probability 1 — o(1), ¢; < ¢%; (bns) <
Y4 S) < (.

<
<

max(

Condition 5 (i) implies Condition AS in [2], while Conditions 5 (ii)-(iv) imply Condition RF
in [2]. Lemma 3 in [2] provides primitive sufficient conditions under which condition (iv) is
satisfied. The condition on the sparse eigenvalues ensures that x5 in Theorem 1 of [2], applied
to this setting, is bounded away from zero with probability 1 — o(1); see Lemma 4.1 in [7].

Next we summarize results on the performance of the estimators generated by lasso.
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Lemma 4. Suppose that Condition 5 is satisfied. Setting A = 2cn'/2®~1{1 — ~/(2p)} for
¢ > 1, and using the penalty loadings as in (29), we have with probability 1 — o(1),

)\81/2

127 (0 = Bo)ll2.n S
Associated with lasso we can define the post-lasso estimator as
0 € arg mein {En{(dz —276)?} : supp(d) C supp(g)} .

That is, the post-lasso estimator is simply the least squares estimator applied to the regressors
selected by lasso in (28). Sparsity properties of the lasso estimator 0 under estimated weights
follows similarly to the standard lasso analysis derived in [2]. By combining such sparsity prop-
erties and the rates in the prediction norm, we can establish rates for the post-model selection
estimator under estimated weights. The following result summarizes the properties of the post-
lasso estimator.

Lemma 5. Suppose that Condition 5 is satisfied. Consider the lasso estimator with penalty level
and loadings specified as in Lemma 4. Then the data-dependent model T;; selected by the lasso
estimator 0 satisfies with probability 1 — o(1):

1010 = [Tal < s
Moreover, the post-lasso estimator obeys

slog(p Vv n) 1/2
— .

15(@ — 60) ]2 <p {

APPENDIX E. PROOFS FOR SECTION 2

E.1. Proof of Theorem 1. The proof of Theorem 1 consists of verifying Conditions 2 and 3 and
application of Theorem 2. We will use the properties of the post-£1-penalized median regression
and the post-lasso estimator together with required regularity conditions stated in Section D of
this Supplementary Material. Moreover, we will use Lemmas 6 and 8 stated in Section G of this
Supplementary Material. In this proof we focus on Algorithm 1. The proof for Algorithm 2 is
essentially the same as that for Algorithm 1 and deferred to the next subsection.

In application of Theorem 2, take p1 = 1,z = z,w = (y,d,2")", M = 2,¢¥(w,a,t) =
{1/2 = 1y < ad+ t1)}(d = 12),h(z) = (27Bo,2700)" = {g(x), m(2)}" = h(z), A =
[cvg — ¢2, ap + o] where co will be specified later, and 7 = R2, we omit the subindex “j.” In
what follows, we will separately verify Conditions 2 and 3.

Verification of Condition 2: Part (i). The first condition follows from the zero median con-
dition, that is, F,(0) = 1/2. We will show in verification of Condition 3 that with probability
1—0(1), |@ — ag| = o(1/logn), so that for some sufficiently small ¢ > 0, [ag £ ¢/ logn]| C
A C A, with probability 1 — o(1).

Part (ii). The map

(. t) = E{p(w, o t) [ 2} = E([1/2 = Ff{(a — ao)d + 11 — g(2)}](d — t2) | )

is twice continuously differentiable since f! is continuous. Forevery v € {«, t1,t2}, 0, E{¢(w, o, t) |
a}is —E[f{(a—ao)d+t1—g(z)}d(d—ts) | 2] or —E[fe{(a —ap)d+t1 —g(x)}(d—12) | ]
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or E[F{(a — ap)d+t; — g(z)} | z]. Hence for every o € A,
0, El{w, . h(x)} | 2]] < CLE(dv] | 2) v C1E(Jo] | ) V 1.

The expectation of the square of the right side is bounded by a constant depending only on
c3,C1, as E(d*) + E(v*) < Cy. Moreover, let T(z) = {t € R? : [t — m(z)| < c3} with any
fixed constant c3 > 0. Then for every v,/ € {a,t,t'}, whenever a € A, t € T (z),

|6V8V’E{w(w7 «, t) | $}|

< Cy [V E{|d*(d—t)| | 2} v E{|d(d — t2)| | 2} V E(|d| | 2) V E(|d — ta] | 2)] .
Since d = m(x) + v, |m(x)| = |2T0| < My, |ta — m(z)| < c3 fort € T(z), and E(|v|® |
x) < C4, we have

E{|d*(d — t2)| | «} < El[{m(z) +v}*(cs + v]) | 2] < 2E[{m*(2) + v*}(c5 + |v]) | ]
< 2B{(Mg +v*)(e3 + o) | 2} S M.
Similar computations lead to |0,0,s E{¢)(w,a,t) | z}| < CM?2 = Ly, for some constant C
depending only on c3, C. We wish to verify the last condition in (ii). Forevery a, o € A, t,t' €
T(z),
El{¢(w, a,t) = ¢(w, o', )}? | 2] < C1B{|d(d — ta)| | a}]a — |

+CLE{|(d —to)| | }ts — 11| + (2 = t9)* < "My (|l — | + [t — 1]) + (2 — t5)*,
where C' is a constant depending only on cg, Cy. Here as |to —th| < |ta—m(z)|+|m(z) —t2| <
2c3, the right side is bounded by 2/2(C’'M,, + 2¢3)(|ac — /| + ||t — #||). Hence we can take
Lyn = 2Y2(C"M,, + 2¢3) and ¢ = 1.

Part (iii). Recall that d = "6y + v, E(v | ) = 0. Then we have
6t1E{w(w7 Oéo,t) ’ x}’t:h(x) = E{fé(o)v ’ :U} =0,
O, E{tp(w, g, t) | @ }e—p(e) = —E{Fe(0) = 1/2 | 2} = 0.

Part (iv). Pick any o € A. There exists o’ between ag and « such that
1
Bl {w, @, h(@)}] = 0 Elb{w, a0, h(@)H (e — o) + 502 E[w{w, o, h(z) (o - ao)?

Let I' = 0o E[Yp{w,ap, h(z)}] = f(0)E(v?) > 3. Then since |92 E[y){w,d/, h(z)}]] <
C1E(|d?v|) < Cy where C5 can be taken depending only on Cy, we have

Bl {w, a,h(@)}) 2 3Tla = aol,

whenever |a — ag| < ¢ /Cy. Take ¢y = ¢2/Cy in the definition of A. Then the above inequality
holds for all a € A.
Part (v). Observe that E[¢?{w, ag, h(z)}] = (1/4)E(v?) > ¢1/4.

Verification of Condition 3: Note here that a,, = p V n and b,, = 1. We first show that the
estimators E(:c) = (273, 2"0)" are sparse and have good rate propertics.

The estimator 5 is based on post-{1-penalized median regression with penalty parameters as
suggested in Section D.2 of this Supplementary Material. By assumption in Theorem 1, with
probability 1 — A, we have § = ||3]jo < Cis. Next we verify that Condition 4 in Section

D.2 of this Supplementary Material is implied by Condition 1 and invoke Lemmas 2 and 3.
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The assumptions on the error density fe(-) in Condition 4 (i) are assumed in Condition 1 (iv).
Because of Conditions 1 (v) and (vi), K¢, is bounded away from zero for n sufficiently large,
see Lemma 4.1 in [7], and ¢1 < ¢pin(1) < E(%?) < Gmax(1) < Cp forevery j = 1,...,p.
Moreover, under Condition 1, by Lemma 8, we have max;—1 ;11 |En(5?)/E(5§) -1 <1/2
and Grax (01,5) < 2E,(d?) + 2¢%,,.(€,.5) < 5C; with probability 1 — o(1) for some £/, — oco.
The required side condition of Lemma 2 is satisfied by relations (30) and (31) ahead. By Lemma
3 in Section D.2 of this Supplementary Material, we have ||z} (B — Bo)l| r2 Sp {slog(n Vv
p)/n}'/? since the required side condition holds. Indeed, for Z; = (d;, 27)™ and § = (64, 6%)",

iy Ly
because ||3]|o < Cys with probability 1 — Ay, ¢1 < Gmin(C15 + 8) < Gmax(C1s + s) < O,
and E(|d;|3) = O(1), we have

” (5” . {¢ (5+ClS)}3/2”5H3
mn > nf min
I18]l0<s+C1s BT 5|“) ||5Ho<S+Cls4E(|$ 52 [3)+4]64 P E(|d;]3)
> f {¢m1n(3+015)}3/2”6”3
||5H0<5+0154Kn||5 2|11 Pmax (5+C19) (|62 2+ B[P E(|ds [?)
> {¢m1n(5+015)}3/2 1

a >
= 4K, {s+C18}/2¢max(s+C18)+4E(|d;|3) ~ Knsl/2®
Therefore, since K?2s%log®(p V n) = o(n), we have

1 1/2 {min(5+C15)/Fmax(s+CLo) P ARey L) P L NN
{slog(pvn)}1/2 H5||0§5+018E(|5}5\3) ~ Kpslog(pvn)

The argument above also shows that |& — ag| = o(1/ log n) with probability 1 —o(1) as claimed
in Verification of Condition 2 (i). Indeed by Lemma 2 and Remark D.1 we have | — ag| <
{slog(p Vv n)/n}/? = 0(1/log n) with probability 1 — o(1) as s?log>(p V n) = o(n).

The 6 is a post-lasso estimator with penalty parameters as suggested in Section D.3 of this
Supplementary Material. We verify that Condition 5 in Section D.3 of this Supplementary Ma-
terial is implied by Condition 1 and invoke Lemma 5. Indeed, Condition 5 (ii) is implied by
Conditions 1 (ii) and (iv), where Condition 1(iv) is used to ensure minj—;,__, £ (;1:?) > c;. Next
since maxj—1__, E(|z;u|*) < Cj, Condition 5 (iii) is satisfied if log'/%(p V n) = o(n'/%),
which is implied by Condition 1 (v). Condition 5 (iv) follows from Lemma 6 applied twice
with ¢; = v; and (; = d; as Ktlogp = o(n) and K2slog(p V n) = o(n). Condition 5 (v)
follows from Lemma 8. By Lemma 5 in Section D.3 of this Supplementary Material, we have
|z} (6 — 60) {slog(n V p)/n}2 and ||6]|o < s with probability 1 — o(1). Thus, by
Lemma 8, we have ||:c (6 — 0)| P2 Sp {slog(n \/p)/n}l/2 Moreover, Sup| ;| <k, |7 (6 —
60)| < Kullf — O]l < Kns'/2[6 — 8ol Sp Kns{log(n v p)/m}V/2 = o(1).

Combining these results, we have heH= ‘H1 x Ho with probability 1 — o(1), where

Hi = {hy : hu(z) = 278, ||Bllo < Css, B[{h1(z) — g(x)}?] < £,s(logan)/n},
Hy = {ha : ha(z) = 276, |6} < 038’SUP||1||oogKn|ﬁ2($) —m(z)| < es,

E[{hz(x) = m(2)}’] < €,s(log an) /n},

with C3 a sufficiently large constant and ¢/, 1 oo sufficiently slowly.
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To verify Condition 3 (ii), observe that F = ¢(G) - G', where ¢(u) = 1/2 — 1(u < 0), and
G and G’ are the classes of functions defined by

g = {(yvdvajT)T =Yy — ad—ﬁl(.f) RS A,?},l e H1}7
g/ = {(yadv xT)T —d _}VLQ(-@) : ﬁQ S Hg}

The classes G, G', and ©(G), as p is monotone and by Lemma 2.6.18 in [32], consist of unions
of p choose C3s VC-subgraph classes with VC indices at most C3s + 3. The class ¢(G) is
uniformly bounded by 1; recalling d = m(z) + v, for he € Ha, |d — ha(z)| < 3 + |v].
Hence by Theorem 2.6.7 in [32], we have ent{e, 9(G)} V ent(e,G’") < C”"slog(ay/e) for all
0 < e < 1 for some constant C” that depends only on Cj; see the proof of Lemma 11 in [3] for
related arguments. It is now straightforward to verify that the class F = p(G) - G’ satisfies the
stated entropy condition; see the proof of Theorem 3 in [1], relation (A.7).
To verify Condition 3 (iii), observe that whenever ﬁg € Ho,

lp{y — ad — ha(2)H{d — ha(2)}] < 3+ [o,

which has four bounded moments, so that Condition 3 (iii) is satisfied with ¢ = 4.
To verify Condition 3 (iv), take s = ¢, s with £/, 1 oo sufficiently slowly and

pn =n"2{(€,sloga,)"/? + n V1 slogan} < n”Y2 (¢, slogan) .

Ass =1, Ly, < M?and Ly, < M, Condition 3 (iv) is satisfied provided that M?2s3 log® a,, =
o(n) and M?*s2 log? a,, = o(n), which are implied by Condition 1 (v) with ¢/, + oo sufficiently
slowly.

Therefore, for 02 = E[I' 2¢{w, ap, h(z)}] = E(v?)/{4f*(0)}, by Theorem 2 we obtain
the first result: o, 'n'/?(& — ag) — N(0,1).

Next we prove the second result regarding nL,(cag). First consider the denominator of
L, (). We have

|En(07) — En(v])] = | En{ (0 — v5) (@ + vi)} < |05 — vill2.nllTi + vill2,n
< |2F (0 — 00) |20 {2l[vill2n + |27 (6 — 60))|

2,n} = OP(l)a

where we have used ||vi]|2., Sp {Ew2)}2 = O(1) and |27 (0 — 00)||2.n = 0p(1).
Second consider the numerator of Ly, («yp). Since E[¢{w, ag, h(x)}] = 0 we have

Ep[${w, a0, h(x)}] = Enlt{w, a0, h(z)}] + op(n~1/2),
using the expansion in the displayed equation of Step 1 in the proof of Theorem 2 evaluated at
instead of &;. Therefore, using the identity that nA2 = nB2+n(A, — B,)*>+2nBy, (A, — By)
with
Au = Balip{w, a0, (@)}, Bu = Balt{w, a0, h()}, 1Bal Sp {E@)}/ 2012,

we have

nLy(ag) = AMEalv{ws a0 A@YP _ 4nlBalp{w, a, h(z) )1
e Ea(0?) E,[0?{w, a0, h()}]

+ Op(l)
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since E(v?) is bounded away from zero. By Theorem 7.1 in [12], and the moment conditions
E(d*) < C1 and E(v?) > ¢, the following holds for the self-normalized sum

_ 20 2E, [p{w, ap, h(z)}]
(B2 {w, ag, h(z)}])/2

in distribution and the desired result follows since nL,(ag) = I? + op(1).

— N(0,1)

Comment E.1. An inspection of the proof leads to the following stochastic expansion:

Eu[{w, &, h(2)}] = —{fE@W})H@ — ao) + En[t:{w, ag, h(z)}]

+op(n 2+ n7V4a — ag)) + Op(|a — a)?),

where @ is any consistent estimator of ag. Hence provided that |a@ — ag| = op(n~—1/*), the
remainder term in the above expansion is o p(nfl/ 2), and the one-step estimator ¢t defined by

6 = &+ {En(f0])} " Enlto{w, @, h(x)}]
has the following stochastic expansion:
& =a+{fE@]) +op(n™ "} [ E@)}HA — ao) + En[t{w, a0, h(x)}] + op(n~"/?)]
= g + {fE(v})} " Enlto{w, a0, h()}] + op(n”1/?),
so that o, 'n'/2(& — ag) — N(0,1) in distribution.
E.2. Proof of Theorem 1: Algorithm 2.

Proof of Theorem 1: Algorithm 2. The proof is essentially the same as the proof for Algorithm
1 and just verifying the rates for the penalized estimators.

The estimator E is based on ¢;-penalized median regression. Condition 4 is implied by Con-
dition 1, see the proof for Algorithm 1. By Lemma 2 and Remark D.1 we have with probability
1—o0(1)

|27 (B = Bo)llp2 S {slog(n Vv p)/n}'/?, |@ — ao| < {slog(pV n)/n}'/? = o(1/logn),

because 5% log3(n V p) = o(n) and the required side condition holds. Indeed, without loss of
generality assume that 7" contains d so that for z7; = (d;,z])", 0 = (d4,0,)", because R, is
bounded away from zero, and the fact that E(|d;|?) = O(1), we have

2761135 177 311 B 21197 [|Feq

infsea., E(ETP) = InfseA., 15(173, %) +AE(d:047)
1ZF301% 2107 IR,
0 4Kn||62]l1 E(|z] 02 |?)+4]64> B(|di|?)
IZ 61| 5 107 l|Rcy
0 {4Kn|6z]l1+4]84 E(|d;|3)/ E(|di |*)HE(|2] 62[2)+E(|0adi|?)}
1278113 5167 [|Rey
0 8(14+3cp) (107 1 { Kn+O) H2E (|7 62 [*)+3E(|8ad;|?)}
173113, 1371 Feq
<0 81130711 {Kn+O(1)} BT 021?)(2+3/72,)
Fe /81/2 1
> Q >
2 S{K,FOM}(A+3c,) {2 3E(@)/R2,} ~ 512Ky

> infsea

> infseca
(30)




30 UNIFORM POST SELECTION INFERENCE FOR Z-PROBLEMS

Therefore, since K2s%log®(p V n) = o(n), we have
n'Fe, N () n'/?

31 in — Pe
(D {slog(p Vv n)}'/2 senrc, E(|703) ~ K,slog"?(pV n)

— 00

The estimator @ is based on lasso. Condition 5 is implied by Condition 1 and Lemma 6 applied
twice with ¢; = v; and ¢; = d; as Kt logp = o(n). By Lemma 4 we have ||z (0 — 09)||]2.n Sp
{slog(n V p)/n}/2. Moreover, by Lemma 5 we have |||y < s with probability 1 — o(1). The

required rate in the || - || p2 norm follows from Lemma 8.
(]

APPENDIX F. ADDITIONAL MONTE-CARLO EXPERIMENTS

In this section we provide additional experiments to further examine the finite sample perfor-
mance of the proposed estimators. The experiments investigate the performance of the method
on approximately spare models and complement the experiments on exactly sparse models pre-
sented in the main text. Specifically, we considered the following regression model:

(32) y=dag+ " (cybo) +€, d=x"(cqbp) + v,

where op = 1/2, and now we have 6y; = 1/j2,j = 1,...,p. The other features of the
design are the same as the design presented in the main text. Namely, the vector z = (1, 2")"
consists of an intercept and covariates z ~ N (0, X), and the errors € and v are independently and
identically distributed as A/ (0, 1). The dimension p of the covariates x is 300, and the sample
size n is 250. The regressors are correlated with ;; = pl"~Jl and p = 0-5. We vary the R? in
the two equations, denoted by R; and R?i respectively, in the set {0,0-1,...,0-9}, which results
in 100 different designs induced by the different pairs of (Rz, Rfl). We performed 500 Monte
Carlo repetitions for each.

In this design, the vector 6 has all p components different from zero. Because the coefficients
decay it is conceivable that it can be well approximated by considering only a few components,
typically the ones associated with the largest coefficients in absolute values. The coefficients
omitted from that construction define the approximation error. However, the number of coeffi-
cients needed to achieve a good approximation will also depend on the scalings ¢, and ¢, since
they multiply all coefficients. Therefore, if ¢, or ¢4 is large the approximation might require
a larger number of coefficients which can violate our sparsity requirements. This is the main
distinction from the an exact sparse designs considered in the main text.

The simulation study focuses on Algorithm 1 since the algorithm based on double selection
worked similarly. Standard errors are computed using the formula (11). As the main bench-
mark we consider the standard post-model selection estimator & based on the post-¢;-penalized
median regression method, as defined in (3).

Figure 3 displays the empirical rejection probability of tests of a true hypothesis a = ayp,
with nominal size of tests equal to 5%. The rejection frequency of the standard post-model
selection inference procedure based upon « is very fragile, see left plot. Given the approximately
sparse model considered here, there is no true model to be perfectly recovered and the rejection
frequency deviates substantially from the ideal rejection frequency of 5%. The right plot shows
the corresponding empirical rejection probability for the proposed procedures based on estimator
¢ and the result (10). The performance is close to the ideal level of 5% over 99 out of the 100
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FIGURE 3. The empirical rejection probabilities of the nominal 5% level tests
of a true hypothesis based on: (a) the standard post-model selection procedure
based on «, and (b) the proposed post-model selection procedure based on d.
Ideally we should observe a flat surface at the 5% rejection rate (of a true null).

designs considered in the study which illustrate the uniformity property. The design for which
the procedure does not perform well corresponds to R?l = 0-9 and R; =09.

Figure 4 compares the performance of the standard post-selection estimator ¢, as defined in
(3), and our proposed post-selection estimator ¢v obtained via Algorithm 1. We display results
in the same three metrics used in the main text: mean bias, standard deviation, and root mean
square error of the two approaches. In those metrics, except for one design, the performance
for approximately sparse models is very similar to the performance of exactly sparse models.
The proposed post-selection estimator ¢ performs well in all three metrics while the standard
post-model selection estimators « exhibits a large bias in many of the dgps considered. For the
design with Rfl =09 and RZQJ = 0-9, both procedures breakdown.

Except for the design with largest values of R?’s, R?l = 0-9 and Rz = 09, the results are
very similar to the results presented in the main text for an exactly sparse model where the
proposed procedure performs very well. The design with the largest values of R?’s correspond
to large values of ¢, and cy4. In that case too many coefficients are needed to achieve a good
approximation for the unknown functions z™ (c,6y) and =™ (c460p) which translates into a (too)
large value of s in the approximate sparse model. Such performance is fully consistent with
the theoretical result derived in Theorem 2 which covers approximately sparse models but do
impose sparsity requirements.

APPENDIX G. AUXILIARY TECHNICAL RESULTS

In this section we collect some auxiliary technical results.

Lemma 6. Let (¢1,27)", ..., (Co,z))" be independent random vectors where (i, ..., (, are
scalar while x1, . ..,x, are vectors in RP. Suppose that E(C;l) < oofori=1,...,n, and
there exists a constant K, such that max;—1, _n ||Zil|cc < K, almost surely. Then for every
7 € (0,1/8), with probability at least 1 — 87,

. 1aXp|n_1Z?=1{C¢2$?j — B(GTa))}| < 4KZ{(2/n) log(2p/m)} AL E(G) / (n)} 2.

J=1L-
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square error (bottom row) of the standard post-model selection estimator o

(panels (a)-(c)), and of the proposed post-model

(d)-(H).

FIGURE 4. Mean bias (top row)
Proof of Lemma 6. The proof depends on the following maximal inequality derived in [5].



UNIFORM POST SELECTION INFERENCE FOR Z-PROBLEMS 33

Lemma 7. Let z1, ..., z, be independent random vectors in RP. Then for every T € (0,1/4)
and ¢ € (0,1/4), with probability at least 1 — 47 — 40,

Jmax [~ 25T {2 = B(sy)}] < |4{210g(2p/0)}'2 QU1 = 7, max (n™'3L ) %)

V2 max Q[1/2, In V230 {2 — Ezi) ],
J=4..5p

where for a random variable Z we denote Q(u, Z) = u-quantile of Z .

Going back to the proof of Lemma 6, let z;; = fwfj By Markov’s inequality, we have
QL/2, [n™Y 2 i — Bz }] < {207 "L ()2 < Ka{(2/m) 20, E(GHY2,
and

Q=7 max (n'YL,2)"2) < Q1 - K3 n T )
< Ko {0, B/ (nm)} 2,
Hence the conclusion of Lemma 6 follows from application of Lemma 7 with 7 = 4. (]

Lemma 8. Under Condition 1, there exists {,, — oo such that with probability 1 — o(1),

[ 0ll2.n

su —
RIS

H5||607é§0%8

1' = o(1).

Proof of Lemma 8. The lemma follows from application of Theorem 4.3 in [29].
]

Lemma 9. Consider vectors B and By in RP where ||5ollo < s, and denote by B\ (™) the vector 3
truncated to have only its m > s largest components in absolute value. Then

1B — Bl < 2|18 = Bollx
2T {BE™ — BoYlam < 12F(B — Bo)llom + {$hax(m)/m} 2|15 — Bolls.-

Proof of Lemma 9. The first inequality follows from the triangle inequality

1B = Bolly < 1B = B |l1 + (1B — Bollr

and the observation that ||§— E(m)nl = minj g <m ||§— Blh < ||§— Boll1 since m > s =

1B0lo- -

By the triangle inequality we have
{8 — Bo}lzn < 1127 (B = Bollzn + | {B®™ = B}l2n-

For an integer k£ > 2, HE(’W - B(km_m)Ho < mand 3 — BCm) = Zk>3{fj\(km) - B(km_m)}.
Moreover, given the monotonicity of the components, -

||B(km+m) _ B(km)H < Hg(km) _ //B\(kmfm)Hl/ml/?
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Then

|27 {B = BE™ Y lom = [|2F 355 {BE™ = BE™T™ g < 3 s llaf {BE™ — BlEm—mY]
<G ()PS5 BE™ — BEm=m™ < (g, (m) 2 s o[|BE™) — BEm=m) | /2
= {3 (M)?B = B 1 /mH? < {5 (m) 2B = Bollr /m2,

where the last inequality follows from the arguments used to show the first result. U

2.n
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