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In this article we study post-model selection estimators that apply ordinary least squares (OLS) to the
model selected by first-step penalized estimators, typically Lasso. It is well known that Lasso can estimate
the nonparametric regression function at nearly the oracle rate, and is thus hard to improve upon. We show
that the OLS post-Lasso estimator performs at least as well as Lasso in terms of the rate of convergence, and
has the advantage of a smaller bias. Remarkably, this performance occurs even if the Lasso-based model
selection “fails” in the sense of missing some components of the “true” regression model. By the “true”
model, we mean the best s-dimensional approximation to the nonparametric regression function chosen by
the oracle. Furthermore, OLS post-Lasso estimator can perform strictly better than Lasso, in the sense of
a strictly faster rate of convergence, if the Lasso-based model selection correctly includes all components
of the “true” model as a subset and also achieves sufficient sparsity. In the extreme case, when Lasso
perfectly selects the “true” model, the OLS post-Lasso estimator becomes the oracle estimator. An important
ingredient in our analysis is a new sparsity bound on the dimension of the model selected by Lasso, which
guarantees that this dimension is at most of the same order as the dimension of the “true” model. Our rate
results are nonasymptotic and hold in both parametric and nonparametric models. Moreover, our analysis
is not limited to the Lasso estimator acting as a selector in the first step, but also applies to any other
estimator, for example, various forms of thresholded Lasso, with good rates and good sparsity properties.
Our analysis covers both traditional thresholding and a new practical, data-driven thresholding scheme
that induces additional sparsity subject to maintaining a certain goodness of fit. The latter scheme has
theoretical guarantees similar to those of Lasso or OLS post-Lasso, but it dominates those procedures as
well as traditional thresholding in a wide variety of experiments.
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1. Introduction

In this work, we study post-model selection estimators for linear regression in high-dimensional
sparse models (hdsms). In such models, the overall number of regressors p is very large, pos-
sibly much larger than the sample size n. However, there are s = o(n) regressors that capture
most of the impact of all covariates on the response variable. hdsms [9,16] have emerged to deal
with many new applications arising in biometrics, signal processing, machine learning, econo-
metrics, and other areas of data analysis where high-dimensional data sets have become widely
available.

Several authors have investigated estimation of hdsms, focusing primarily on mean regression
with the £1-norm acting as a penalty function [4,6-9,12,16,22,24,26]. The results of [4,6-8,12,
16,24,26] demonstrate the fundamental result that £;-penalized least squares estimators achieve

1350-7265 © 2013 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
http://dx.doi.org/10.3150/11-BEJ410
mailto:abn5@duke.edu
mailto:vchern@mit.edu

522 A. Belloni and V. Chernozhukov

the rate /s /n+/log p, which is very close to the oracle rate /s /n achievable when the true model
is known. [12,22] demonstrated a similar fundamental result on the excess forecasting error loss
under both quadratic and nonquadratic loss functions. Thus the estimator can be consistent and
can have excellent forecasting performance even under very rapid, nearly exponential growth
of the total number of regressors p. In addition, [3] investigated the £;-penalized quantile re-
gression process and obtained similar results. See [4,6-8,11,13,14,17] for many other interesting
developments and a detailed review of the existing literature.

In this article we derive theoretical properties of post-model selection estimators that apply
ordinary least squares (OLS) to the model selected by first-step penalized estimators, typically
Lasso. It is well known that Lasso can estimate the mean regression function at nearly the or-
acle rate, and thus is hard to improve on. We show that OLS post-Lasso can perform at least
as well as Lasso in terms of the rate of convergence, and has the advantage of a smaller bias.
This nice performance occurs even if the Lasso-based model selection “fails” in the sense of
missing some components of the “true” regression model. (By the “true” model, we mean the
best s-dimensional approximation to the regression function chosen by the oracle.) The intuition
for this result is that Lasso-based model selection omits only those components with relatively
small coefficients. Furthermore, OLS post-Lasso can perform better than Lasso in the sense of
a strictly faster rate of convergence, if the Lasso-based model correctly includes all components
of the “true” model as a subset and is sufficiently sparse. Of course, in the extreme case, when
Lasso perfectly selects the “true” model, the OLS post-Lasso estimator becomes the oracle esti-
mator.

Importantly, our rate analysis is not limited to the Lasso estimator in the first step, but applies
to a wide variety of other first-step estimators, including, for example, thresholded Lasso, the
Dantzig selector, and their various modifications. We provide generic rate results that cover any
first-step estimator for which a rate and a sparsity bound are available. We also present a generic
result from using thresholded Lasso as the first-step estimator, where thresholding can be per-
formed by a traditional thresholding scheme (t-Lasso) or by a new fitness-thresholding scheme
that we introduce here (fit-Lasso). The new thresholding scheme induces additional sparsity sub-
ject to maintaining a certain goodness of fit in the sample and is completely data-driven. We
show that OLS post-fit Lasso estimator performs at least as well as the Lasso estimator, but can
be strictly better under good model selection properties.

Finally, we conduct a series of computational experiments and find that the results confirm
our theoretical findings. Figure 1 provides a brief graphical summary of our theoretical results,
showing how the empirical risk of various estimators change with the signal strength C (coeffi-
cients of relevant covariates are set equal to C). For very low signal levels, all estimators perform
similarly. When the signal strength is intermediate, OLS post-Lasso and OLS post-fit Lasso sig-
nificantly outperform Lasso and the OLS post-t Lasso estimators. However, we find that the OLS
post-fit Lasso outperforms OLS post-Lasso whenever Lasso does not produce very sparse solu-
tions, which occurs if the signal strength level is not low. For large levels of signal, OLS post-fit
Lasso and OLS post-t Lasso perform very well, improving on Lasso and OLS post-Lasso. Thus,
the main message here is that OLS post-Lasso and OLS post-fit Lasso perform at least as well as
Lasso and sometimes a lot better.

To the best of our knowledge, this article is the first to establish the aforementioned rate results
on OLS post-Lasso and the proposed OLS post-fitness-thresholded Lasso in the mean regression
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Figure 1. This figure plots the performance of the estimators listed in the text under the equicorrelated
design for the covariates x; ~ N(0, ), T jx = 1/2 if j # k. The number of regressors is p = 500, and the
sample size is n = 100 with 1000 simulations for each level of signal strength C. In each simulation, there

are 5 relevant covariates whose coefficients are set equal to the signal strength C, and the variance of the
noise is set to 1.

problem. Our analysis builds on the ideas of [3], who established the properties of postpenalized
procedures for the related, but different problem of median regression. Our analysis also builds
on the fundamental results of [4] and the other works cited above that established the properties
of the first-step Lasso-type estimators. An important ingredient in our analysis is a new sparsity
bound on the dimension of the model selected by Lasso, which guarantees that this dimension is
at most of the same order as the dimension of the “true” model. This result builds on some in-
equalities for sparse eigenvalues and reasoning previously given by [3] in the context of median
regression. Our sparsity bounds for Lasso improve on the analogous bounds of [4] and are com-
parable to the bounds of [26] obtained under a larger penalty level. We also rely on the maximal
inequalities of [26] to provide primitive conditions for the sharp sparsity bounds to hold.

The article is organized as follows. Section 2 reviews the model and discusses the estimators.
Section 3 revisits some benchmark results of [4] for Lasso, allowing for a data-driven choice
of penalty level, develops an extension of model selection results of [13] to the nonparametric
case, and derives a new sparsity bound for Lasso. Section 4 presents a generic rate result on OLS
post-model selection estimators. Section 5 applies the generic results to the OLS post-Lasso
and the OLS post-thresholded Lasso estimators. The Appendix contains main proofs, and the

supplemental article [2] contains auxiliary proofs, as well as the results of our computational
experiments.
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Notation

When making asymptotic statements, we assume that n — oo and p = p, — 00, and also allow
for s = s, — 00. In what follows, all parameter values are indexed by the sample size n, but
we omit the index whenever this omission will not cause confusion. We use the notation (a)+ =
max{a, 0}, a vV b = max{a, b}, and a A b = min{a, b}. The £,-norm is denoted by || - ||, the €;-
norm is denoted by || - ||, the {so-norm is denoted by || - |0, and the €g-norm | - ||o denotes
the number of nonzero components of a vector. Given a vector § € R? and a set of indices
T c{l1,..., p}, we denote by 87 the vector in R? in which é7; =4§; if j € T and d7; =0 if
Jj ¢ T. The cardinality of T is denoted by |T|. Given a covariate vector x; € R”, we let x;[T]
denote the vector {x;;, j € T'}. The symbol E[-] denotes the expectation. We also use standard
empirical process notation

n

n
Eulf(zo)]:=)_ f@)/n and Gu(f(za):= Y (f(z)—ELf@)])//n.
i=1 i=1
We denote the LZ(P,,) norm by || fllp,2 = (En[ff])l/z. Given covariate values x1, ..., X,, We
define the prediction norm of a vector § € R” as ||8]l2., = {E,[(x.8)?1}'/? = (§'E,[x.x.16)1/2.
We use the notation a < b to denote a < Cb for some constant C > 0 that does not depend
on n (and thus does not depend on quantities indexed by n like p or s), and a <p b to denote

a = Op(b). For an event A, we say that A wp — 1 when A occurs with probability approaching
1 as n increases. In addition, we write ¢ = (¢ 4+ 1)/(c — 1) for a chosen constant ¢ > 1.

2. Setting, estimators, and conditions

2.1. Setting

Condition M. We have data {(y;, z;),i =1, ..., n} such that for each n,
yi = f(z) + e, € ~N@©0,0%),i=1,...,n, (2.1)

where y; are the outcomes, z; are vectors of fixed regressors, and €; are i.i.d. errors. Let P(z;)
be a given p-dimensional dictionary of technical regressors with respect z;, that is, a p-vector of
transformation of z;, with components

xi = P(z)
of the dictionary normalized so that
Enlx}1=1  forj=1,....p.

In making asymptotic statements, we assume that n — oo and p = p, — 00, and that all pa-
rameters of the model are implicitly indexed by n.
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We would like to estimate the nonparametric regression function f at the design points,

namely the values f; = f(z;) fori =1, ..., n. To set up the estimation and define a performance
benchmark, we consider the following oracle risk minimization program:
: 2 2k
min ¢ +o°—, (2.2)
0<k<pAn n
where
2 : /a2
¢ = min E,[(foe —x,08)"]. 2.3
k= pin, K, (f. B) 2.3)

Note that c,% + 0%k /n is an upper bound on the risk of the best k-sparse least squares estimator,
that is, the best estimator among all least squares estimators that use k out of p components of

x; to estimate f; fori =1, ..., n. The oracle program (2.2) chooses the optimal value of k. Let s
be the smallest integer among these optimal values, and let
o carg min E,[(fo —x,B)°]. (2.4)
Bllo=s

We call By the oracle target value, T := support(Bp) the oracle model, s := |T| = ||follo the
dimension of the oracle model, and x/f the oracle approximation to f;. The latter is our inter-
mediary target, which is equal to the ultimate target f; up to the approximation error

ri = fi — xiPo.

If we knew T, then we could simply use x;[7] as regressors and estimate f;, fori =1,...,n,
using the least squares estimator, achieving the risk of at most

c? +02s/n,

which we call the oracle risk. Because T is not known, we estimate 7T using Lasso-type meth-
ods and analyze the properties of post-model selection least squares estimators, accounting for
possible model selection mistakes.

Remark 2.1 (The oracle program). Note that if argmin is not unique in the problem (2.4), then
it suffices to select one of the values in the set of argmins. Supplemental article [2] provides
a more detailed discussion of the oracle problem. The idea of using oracle problems such as
(2.2) for benchmarking the performance follows its previous uses in the literature (see, e.g., [4],
Theorem 6.1, where an analogous problem appears in upper bounds on performance of Lasso).

Remark 2.2 (A leading special case). When contrasting the performance of Lasso and OLS
post-Lasso estimators in Remarks 5.1 and 5.2 given later, we mention a balanced case where
c? < U2S/l1, (2.5)

N

which says that the oracle program (2.2) is able to balance the norm of the bias squared to be not
much larger than the variance term o2s /n. This corresponds to the case where the approximation
error bias does not dominate the estimation error of the oracle least squares estimator, so that the
oracle rate of convergence simplifies to 4/s/n, as mentioned in the Introduction.
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2.2. Model selectors based on Lasso

Given the large number of regressors p > n, some regularization or covariate selection is needed
to obtain consistency. The Lasso estimator [19], defined as follows, achieves both tasks by using
the ¢ penalization:

~ ~ A ~
B e argérel]iélp o)+ ;”,3”1» where 0(8) =E,[(ye — x,8)°1, (2.6)

and A is the penalty level, the choice of which is described later. If the solution is not unique,
then we pick any solution with minimum support. The Lasso is often used as an estimator, and
most often only as a model selection device, with the model selected by Lasso given by

T:= support(B\).

Moreover, we let m = |f\ T| denote the number of components outside 7 selected by Lasso
and let ﬁ:xi’ﬁ, i =1,...,n, denote the Lasso estimate of f;,i =1,...,n.

Often, additional thresholding is applied to remove regressors with small estimated coeffi-
cients, defining the so-called “thresholded” Lasso estimator,

B = B;1IBj1 > 1) j=1.....p). @7
where ¢t > 0 is the thresholding level. The corresponding selected model is then
T (¢) := support(B(1)).

Note that, when setting t = 0, we have ?(t) = f, so Lasso is a special case of thresholded Lasso.

2.3. Post-model selection estimators

Given the foregoing, all of our post-model selection estimators or OLS post-Lasso estimators
will take the form

B! = arg min Q(ﬁ):ﬁj =0 for each j € T°(¢). (2.8)
BeRP

That is, given that the model selected a threshold Lasso T(t), including the Lasso’s model f(O)
as a special case, the post-model selection estimator applies OLS to the selected model.
Along with the case of + =0, we also consider the following choices for the threshold level:

traditional threshold (t): t > ¢ = max |3/ — Bojl
1<j<p ° :

fitness-based threshold (fit): =1, :=;n;8({t 0B — 0(B) <y}, 2:9)
>

where y <0, and |y| is the gain of the in-sample fit allowed relative to Lasso.
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As discussed in Section 3.2, the standard thresholding method is particularly appealing in
models in which oracle coefficients Sy are well separated from 0. However, this scheme may
perform poorly in models with oracle coefficients not well separated from O and in nonparamet-
ric models. Indeed, even in parametric models with many small but nonzero true coefficients,
thresholding the estimates too aggressively may result in large goodness-of-fit losses and, con-
sequently, slow rates of convergence and even inconsistency for the second-step estimators. This
issue directly motivates our new goodness-of-fit based thresholding method, which sets as many
small coefficient estimates as possible to 0, subject to maintaining a certain goodness-of-fit level.

Depending on how we select the threshold, we consider three types of post-model selection
estimators:

OLS post-Lasso: EO (t=0),
OLS post-t Lasso: B! (1 >¢), (2.10)
OLS post-fit Lasso: B (1 = 1y).

The first estimator is defined by OLS applied to the model selected by Lasso, also called Gauss-
Lasso; the second, by OLS applied to the model selected by the thresholded Lassol and the third,
by OLS applied to the model selected by fitness-thresholded Lasso.

The main purpose of this article is to derive the properties of the post-model selection esti-
mators (2.10). If model selection works perfectly, which is possible only under rather special
circumstances, then the post-model selection estimators are the oracle estimators, whose proper-
ties are well known. However, of much more general interest is the case when model selection
does not work perfectly, as occurs for many designs of interest in applications.

2.4. Choice and computation of penalty level for Lasso

The key quantity in the analysis is the gradient of Q at the true value,
S =2E,[xe€0].

This gradient is the effective “noise” in the problem that should be dominated by the regular-
ization. However, we would like to make the bias as small as possible. This reasoning suggests
choosing the smallest penalty level A possible to dominate the noise, namely

A>cn|S|lso with probability at least 1 — «, 2.11)
where probability 1 — « needs to be close to 1 and ¢ > 1. Therefore, we propose setting
A=A —a|X) for some fixed ¢’ > ¢ > 1, (2.12)

where A(1 — «|X) is the (1 — &) quantile of 1||S/0 || 00, and T is a possibly data-driven estimate
of 0. Note that the quantity A(l — «|X) is independent of ¢ and can be easily approximated
by simulation. We refer to this choice of A as the data-driven choice, reflecting the dependence
of the choice on the design matrix X =[xy, ..., x, ] and a possibly data-driven &. Note that the
proposed (2.12) is sharper than ¢'62,/2nlog(p/a) typically used in the literature. We impose
the following conditions on G.



528 A. Belloni and V. Chernozhukov
Condition V. The estimated & obeys

L<G/o<u with probability at least 1 — 1,
where 0 <€ <1and 1 <u and 0 <t < 1 are constants possibly dependent on n.

We can construct a ¢ that satisfies this condition under mild assumptions, as follows. First,
set 0 = 0y, where o) is an upper bound on o that is possibly data-driven, for example, the
sample standard deviation of y;. Second, compute the Lasso estimator based on this estimate
and set 62 = @ (E). We demonstrate that ¢ constructed in this way satisfies Condition V and
characterize quantities u and £ and 7 in the supplemental article [2]. We can iterate on the last
step a bounded number of times. We also can use OLS post-Lasso for this purpose.

2.5. Choices and computation of thresholding levels

Our analysis covers a wide range of possible threshold levels. Here, however, we propose some
basic options that give both good finite-sample and theoretical results. In the traditional thresh-
olding method, we can set

t=3ch/n, (2.13)

for some ¢ > 1. This choice is theoretically motivated by Section 3.2, which presents the perfect
model selection results, where under some conditions, { < ¢A/n. This choice also leads to near-
oracle performance of the resulting post-model selection estimator. Regarding the choice of ¢,
we note that setting ¢ = 1 and achieving { < A/n is possible based on the results of Section 3.2 if
the empirical Gram matrix is orthogonal and approximation error cg vanishes. Thus, ¢ = 1 is the
least aggressive traditional thresholding that can be performed under conditions of Section 3.2.
(Also note that ¢ = 1 has performed better than ¢ > 1 in our computational experiments.)

Our fitness-based threshold 7, requires specification of the parameter y. The simplest choice
delivering near-oracle performance is y = 0; this choice leads to the sparsest post-model selec-
tion estimator that has the same in-sample fit as Lasso. However, we prefer to set

_0(BH- 0B
y=——F7—"—""<

2.14
5 0, (2.14)

where EO is the OLS post-Lasso estimator. The resulting estimator is sparser and produces a
better in-sample fit than Lasso. This choice also results in near-oracle performance and leads to
the best performance in computational experiments. Note also that for any y, we can compute #,
by a binary search over ¢ € sort{|,§j l,j € f}, where sort is the sorting operator. This is the case
because the final estimator depends only on the selected support, not on the specific value of ¢
used. Therefore, because there are at most |f| different values of ¢ to be tested, using a binary
search, we can compute #,, exactly by running at most [log, |T|] OLS problems.
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2.6. Conditions on the design

For the analysis of Lasso, we use the following restricted eigenvalue condition on the empirical
Gram matrix:

Condition (RE(c)). Fora given ¢ >0,

@ NALIEP

I8rc i <clsrih.e#0 87111

This condition is a variant of the restricted eigenvalue condition introduced by [4], which is
known to be quite general and plausible (see [4] for related conditions).

For the analysis of post-model selection estimators, we use the following restricted sparse
eigenvalue condition on the empirical Gram matrix:

Condition (RSE(m)). For a given m < n,

1515 1815
~ 2 2,n 2,n
kK(m)* = min > >0, ¢(m) := max >
I87¢ lo=<m.50 8] I87c lo=<m.50 |18l

Condition RSE(m) depends on T and can be viewed as an extension of the restricted isometry
condition [9]. Here m denotes the restriction on the number of nonzero components outside
the support 7. The standard concept of (unrestricted) m-sparse eigenvalues corresponds to the
restricted sparse eigenvalues when T = & (see, e.g., [4]). It is convenient to define the following
condition number associated with the empirical Gram matrix:

¢ (m)

K(m)

w(m) = (2.15)

The following lemma demonstrates the plausibility of the foregoing conditions for the case
where the values x;, i =1, ..., n, have been generated as a realization of the random sample;
there are other primitive conditions as well. In this case, the empirical restricted sparse eigen-
values are bounded away from O and from above, so that (2.15) is bounded from above with
high probability. The lemma assumes as a primitive condition that the sparse eigenvalues of the
population Gram matrix bounded away from zero and from above. The lemma allows for many
standard bounded dictionaries that arise in the nonparametric estimation, for example, regression
splines, orthogonal polynomials, and trigonometric series (see [10,20,21,25]). Similar results are
known to hold for standard Gaussian regressors as well [26].

Lemma 1 (Plausibility of RE and RSE). Suppose that X;, i = 1,...,n, are i.i.d. mean-zero
vectors, such that the population Gram matrix E[XX'] has all of the diagonal elements equal
to 1, and

2 . S'E[XX']8 SE[x%']6

< min — < max —— <p<oo.
1<ll8lo<slogn |8l 1<|i8llo<slogn  ||8]|

0<«k
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1/2

Define x; as a normalized form of X;, namely x;; = X;; /(E, [)2.2].]) . Suppose that

max ||X;|lco < K, as. and K,%s logz(n) 10g2(s logn)log(p Vv n) = 0(n/c4/(p).

1<i<n

Then, for any m + s < slogn, the restricted sparse eigenvalues of the empirical Gram matrix
obey the following bounds:

d(m) <dp,  Rm)?=>«k?/4 and pu(m)<4Jp/x,

with probability approaching 1 as n — oo.

3. Results on Lasso as an estimator and model selector

The properties of the post-model selection estimators depend crucially on both the estimation
and model selection properties of Lasso. In this section we develop the estimation properties of
Lasso under the data-dependent penalty level, extending the results of [4], and also develop the
model selection properties of Lasso for nonparametric models, generalizing the results of [13] to
the nonparametric case.

3.1. Estimation properties of Lasso

The following theorem describes the main estimation properties of Lasso under the data-driven
choice of the penalty level.

Theorem 1 (Performance bounds for Lasso under data-driven penalty). Suppose that Con-
ditions M and RE(c) hold for c = (c + 1)/(c — 1). If . > cn||S|| 0, then

A
£+2

nk (c)

~ 1
1B —=Pollzn = (1 + —>

Cs.
c

Moreover, suppose that Condition V holds. Under the data-driven choice (2.12), for ¢’ > c/€, we
have A > cn||S||co With probability at least 1 — o — T, so that with at least the same probability,

1B = Bolla,n < (¢’ +¢/e) Vs oul(1 —o|X)+ 2y, where A(1 —a|X) </2nlog(p/a).

nk(c)

If in addition RE(2c¢) holds, then

~ (14+20)4/s ~ 1\ 2¢ n,
”,3_,30”1f<W”,3—ﬂ()”2,n)\/(<1+2—5)C_1XCS>.

This theorem extends the result of [4] by allowing for a data-driven penalty level and deriving
the rates in £;-norm. These results may be of independent interest and are necessary for the
subsequent results.
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Remark 3.1. Furthermore, a performance bound for the estimation of the regression function
follows from the relation

F = flle,2 — 1B — Bollzn] < s, 3.1)

where ﬁ =X] 313 the Lasso estimate of the regression function f evaluated at z;. It is interesting
to know some lower bounds on the rate, which follow from Karush—-Kuhn—Tucker conditions for
Lasso (see equation (A.1) in the Appendix):

(1 —1/r/1T]
2n/p(m)

where m = |f\ T|. We note that a similar lower bound was first derived by [15] with ¢ (p)
instead of ¢ (71).

If = flle,2=

The preceding theorem and discussion imply the following useful asymptotic bound on the
performance of the estimators.

Corollary 1 (Asymptotic bounds on performance of Lasso). Under the conditions of Theo-
rem 1, if

pm) 1, k@1, u@m 1, log(l/a) Slogp,

a=o(l), u/t <1 and t=o0(1)

(3.2)

hold as n grows, then we have

~ slog p
If = fle,2Spo

+cy.

Moreover, if |?| 2 p s —in particular, if T C T with probability going to 1 — then we have

~ slogp
If = flp,22p 0y ot

In Lemma 1 we established fairly general sufficient conditions for the first three relations in
(3.2) to hold with high probability as n grows, when the design points zj, ..., z, are generated
as a random sample. The remaining relations are mild conditions on the choice of o and the
estimation of o that are used in the definition of the data-driven choice (2.12) of the penalty-
level A.

It follows from the corollary that as long as «(¢) is bounded away from 0, Lasso with data-
driven penalty estimates the regression function at a near-oracle rate. The second part of the
corollary generalizes to the nonparametric case the lower bound obtained for Lasso by [15]. It
shows that the rate cannot be improved in general. We use the asymptotic rates of convergence
to compare the performance of Lasso and the post-model selection estimators.
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3.2. Model selection properties of Lasso

Our main results do not require that the first-step estimators like Lasso perfectly select the “true”
oracle model. In fact, we are specifically interested in the most common cases, where these esti-
mators do not perfectly select the true model. For these cases, we prove that post-model selection
estimators such as OLS post-Lasso achieve near-oracle rates like those of Lasso. However, in
some special cases where perfect model selection is possible, these estimators can achieve the
exact oracle rates, and thus can be even better than Lasso. In this section we describe these very
special cases in which perfect model selection is possible.

Theorem 2 (Some conditions for perfect model selection in nonparametric settings). Sup-
pose that Condition M holds.
(1) If the coefficients are well separated from 0, that is,

o~

min |Bo;| > ¢ + 1, forsomet>¢:= max |B;— Pojl,
JjeT j=1,...p

then the true model is a subset of the selected model, T := support(By) € T:= support(ﬁ).
Moreover, T can be perfectly selected by applying level t thresholding to 3, thatis, T = ?(t).

(2) In particular, if . > cn||S||co and there is a constant U > 5¢ such that the empirical Gram
matrix satisfies |Ey[xqejxex]| < 1/(Us) forall 1 < j <k < p, then

A U+E+a Aeot 6¢ CS+4EYZCS2
. — NG+t =
n U—-5 Jn ' U-=5cys Uhis

These results substantively generalize the parametric results of [13] on model selection by
thresholded Lasso. These results cover the more general nonparametric case and may be of inde-
pendent interest. Also note that the stated conditions for perfect model selection require a strong
assumption on the separation of coefficients of the oracle from 0, along with near-perfect orthog-
onality of the empirical Gram matrix. This is the sense in which the perfect model selection is
a rather special, nongeneral phenomenon. Finally, we note that it is possible to perform perfect
selection of the oracle model by Lasso without applying any additional thresholding under ad-
ditional technical conditions and higher penalty levels [5,24,27]. In the supplement, we state the
nonparametric extension of the parametric result due to [24].

3.3. Sparsity properties of Lasso

Here we derive new sharp sparsity bounds for Lasso, which may be of independent interest. We
begin with a preliminary sparsity bound for Lasso.

Lemma 2 (Empirical presparsity for Lasso). Suppose that Conditions M and RE(c) hold and
that . > cn||S|leo, and let m = |T \ T|. For ¢ = (c + 1)/(c — 1), we have that

Vit < s/ ()28 /1 (2) 4 3@E 4 1)/ ()ncs /.
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The foregoing lemma states that Lasso achieves the oracle sparsity up to a factor of ¢ (in).
Under the conditions (2.5) and «(¢) 2 1, the lemma immediately yields the simple upper bound
on the sparsity of the form

m<Spspn), (3.3)

as obtained for examples of [4] and [16]. Unfortunately, this bound is sharp only when ¢ (n)
is bounded. When ¢ (n) diverges — for example, when ¢ (n) = p /log p in the Gaussian design
with p > 2n by lemma 6 of [1] — the bound is not sharp. However, for this case we can con-
struct a sharp sparsity bound by combining the preceding presparsity result with the following
sublinearity property of the restricted sparse eigenvalues.

Lemma 3 (Sublinearity of restricted sparse eigenvalues). For any integer k > 0 and constant
€=1, we have ¢ ([lk]) < [€1¢ (k).

A version of this lemma for (unrestricted) sparse eigenvalues has been proven by [3]. The
combination of the preceding two lemmas gives the following sparsity theorem.

Theorem 3 (Sparsity bound for Lasso under data-driven penalty). Suppose that Conditions
M and RE(C) hold, and let m := |T \ T|. The event 1. > cn||S| o implies that

n?fs[min m/\n]~L,
meMd’( )| Ln

where M ={m e N:m > s¢(m An)-2L,} and L, = [2¢/k () 4+ 3(¢ + Dncg/(A/3)]%.

The main implication of Theorem 3 is that under (2.5), if min,capr¢p(m An) <1 and A >
cn|| S|l hold with high probability, which is valid by Lemma 1 for important designs and by the
choice of penalty level (2.12), then, with high probability,

m<s. (3.4)

Consequently, for these designs and penalty levels,the sparsity of Lasso is of the same order
as that of the oracle, namely § := |f| < s+ m <s, with high probability. This is because
min,, c pq ¢ (m) <K ¢ (n) for these designs, which allows us to sharpen the previous sparsity bound
(3.3) considered by [4] and [16]. Moreover, our new bound is comparable to the bounds of [26] in
terms of order of sharpness, but it requires a smaller penalty level A, which also does not depend
on the unknown sparse eigenvalues (as in [26]).

4. Performance of post-model selection estimators with a
generic model selector

Here we present a general result on the performance of a post-model selection estimator with a
generic model selector.
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Theorem 4 (Performance of post-model selection estimator with a generic model selector).
Suppose that Condition M holds, and let /3 be any first-step estimator acting as the model selector.
Denote by T:= Support(ﬂ) the model that it selects, such that |T| <n. Let ,3 be the post-model
selection estimator defined by

Be argén]iRn @(ﬂ):ﬁj:O foreachje?c. 4.1)
eRpP
Let B,, := Q(ﬁ) — Q(ﬁo) and C,, = é(ﬂof) — Q(,Bo) andim = |T\ T| be the number of incorrect

regressors selected. Then, if Condition RSE(m) holds, for any & > 0, there is a constant K
independent of n such that with probability at least 1 — ¢, for f; = xlf,B, we have

. il 7l + 5) log(ep (7
17— flle, 0 < Kga\/ mlogp & (m +s)loglenm) 5\ /B A (Cos.

n

Furthermore, for any € > 0, there is a constant K, independent of n such that with probability at
least 1 — ¢,

~ mlog p + (m + s) log(ep(m)) ~
By < 1B - Boll3, + [Ko\/ £P £ +2¢, |18 = Bollo.n,

n

_ log (£) + Flog(ez (0
Cp < 1{TgT}<||,30fc||%,n+ |:K80\/ 02 (i) + klog(en() +2€si|||,30fc||2,n>.

n

Three implications of Theorem 4 are worth noting. First, the bounds on the prediction norm
stated in Theorem 4 apply to the OLS estimator on the components selected by any first-step
estimator /3 pr0V1ded that we can bound both || ,8 Boll2.n, the rate of convergence of the first-step
estimator, and 771, the number of incorrect regressors selected by the model selector. Second, note
that if the selected model contains the true model, T C f, then we have (B,)+ A (Cp)+ =C,, =0.
In that case, B, has no affect on the rate, and the performance of the second-step estimator is
determined by the sparsity m of the first-step estimator, which controls the magnitude of the
empirical errors. Otherwise, if the selected model fails to contain the true model (i.e., T & 7"\),
then the performance of the second-step estimator is determined by both the sparsity 7 and the
minimum between B, and C,. The quantity B, measures the in-sample loss of fit induced by the
first-step estimator relative to the “true” parameter value By, and C, measures the in-sample loss
of fit induced by truncating the “true” parameter Sy outside the selected model T.

The proof of Theorem 4 relies on the sparsity-based control of the empirical error provided by
the following lemma.

Lemma 4 (Sparsity-based control of empirical error). Suppose that Condition M holds.
(1) For any ¢ > 0, there is a constant K. independent of n such that with probability at least
1—e¢,

—~ —~ 1 1
15(Bo +5) — D(Bo) — I812,,] < Kgo-\/’” ogpt (mt ) I0BERI) 51+ 2, I8,

n
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uniformly for all § € RP such that ||87¢<|lo < m, and uniformly over m < n.
(2) Furthermore, with at least the same probability,

|0(Bo7) — Q(Bo) — l1Bozel3.,| < Keor

log (;) + klog(en(0))
\/ W " 1 Bo7ell2,n + 2¢51l Boge 2,ns

uniformly for all T C T such that |T \ T| =k, and uniformly over k <s.

The proof of this lemma in turn relies on the following maximal inequality, the proof of which
involves the use of a Samorodnitsky—Talagrand type of inequality.

Lemma 5 (Maximal inequality for a collection of empirical processes). Let ¢; ~ N (0, 02) be
independent fori =1,...,n,andform =1, ..., n, define

en(m,n) = azfz( log (Z) +/(m + 5) log(Ds(m)) + /(m +s) 10g(1/77)>
for any n € (0, 1) and some universal constant D. Then,

sup
87c lo<m,[I18]l2,,>0

eifo
Gn - <en(m,n) forallm <n,
18112,

with probability at least 1 —ne™* /(1 — 1/e).

5. Performance of least squares after Lasso-based model
selection

In this section we apply our results on post-model selection estimators to the case where Lasso is
the first-step estimator. Our previous generic results allow us to use the sparsity bounds and rate
of convergence of Lasso to derive the rate of convergence of post-model selection estimators in
the parametric and nonparametric models.

5.1. Performance of OLS post-Lasso

Here we show that the OLS post-Lasso estimator has good theoretical performance despite (gen-
erally) imperfect selection of the model by Lasso.

Theorem 5 (Performance of OLS post-Lasso). Suppose that Conditions M, RE(c), and
RSE(in) hold, where ¢ = (c +1)/(c — 1) and m = |T \ T|. If > > cn||S|lco 0ccurs with prob-
ability at least 1 — «, then for any ¢ > 0, there is a constant K independent of n such that with
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probability at least 1 — o — &, for f; = xi’,g, we have

mlog p + (i + s) log(e/ (7))

If— flip,2 < Kso\/

n
Ve T g 7). <(1 FOMS +2cs>.
nk (1) cnk (1)

In particular, under Condition V and the data-driven choice of A specified in (2.12) with
log(1/a) <logp, u/t <1, for any € > 0 there is a constant Ké!a such that

17 = Fllp,2 < 3es+ KL yo [\/ m1og(pepm) \/ Sl(’g(e“(’””}

n n

LT ¢ T}[K;aa,/“ogpL +CS}
’ n k(1)

with probability at least | —o — & — 7.

5.1

This theorem provides a performance bound for OLS post-Lasso as a function of Lasso’s
sparsity (characterized by m), rate of convergence, and model selection ability. For common
designs, this bound implies that OLS post-Lasso performs at least as well as Lasso and can be
strictly better in some cases, and has a smaller regularization bias. We provide further theoretical
comparisons in what follows, and give computational examples supporting these comparisons
in the supplemental article [2]. It is also worth repeating here that performance bounds in other
norms of interest follow immediately by the triangle inequality and by the definition of ¥, as
discussed in Remark 3.1.

The following corollary summarizes the performance of OLS post-Lasso under commonly
used designs.

Corollary 2 (Asymptotic performance of OLS post-Lasso). Under the conditions of Theo-
rem 5, (2.5), and (3.2), as n grows, we have that

lo
cr,/s gp—i—cs, in general,
n
f— < fo(s)lo / - ~
I/ = flie,2 e o M+a i—I—cx, ifm=op(s)andT CT wp — 1,
n n

o+/s/n+cs, ifT=?wp—>1.

Remark 5.1 (Comparison of the performance of OLS post-Lasso and Lasso). We now compare
the upper bounds on the rates of convergence of Lasso and OLS post-Lasso under conditions
of the corollary. In general, the rates coincide. Of note, this occurs despite the fact that Lasso



Least squares after model selection 537

generally may fail to correctly select the oracle model T as a subset, that is, 7 € T. However, if
the oracle model has well-separated coefficients and conditions and the approximation error does
not dominate the estimation error, then the OLS post-Lasso rate improves on the rate of Lasso.
Specifically, this occurs if condition (2.5) holds and 1 = op(s) and T C T wp — 1, as under the
conditions of Theorem 2 Part 1 or, in the case of perfect model selection, when T = T wp — 1,
as under the conditions specified by [24]. In such cases, we know from Corollary 1 that the rates
for Lasso are sharp and cannot be faster than o +/slog p/n. Thus the faster rate of convergence
of OLS post-Lasso over Lasso is strict in such cases.

5.2. Performance of OLS post-fit Lasso

In what follows we provide performance bounds for OLS post-fit Lasso B defined in equation
(4.1) with threshold (2.9) for the case where the first-step estimator 8 is Lasso. We let T denote
the model selected.

Theorem 6 (Performance of OLS post-fit Lasso). Suppose that Conditions M, RE(c), and
RSE(#) hold, where ¢ = (c + 1)/(c — 1) and it = |T \ T|. If » > cn||S|loo 0ccurs with proba-
bility at least 1 — «, then for any € > 0, there is a constant K, independent of n such that with
probability at least 1| — o — ¢, for fi =x; ﬂ we have

mlogp + (m + s) log(ew (m))

If = flip,2 < Kga\/

n
Vet (T g Ty Y8 <(1 +OYS | 205).
nk (1) cnk (1)

Under Condition V and the data-driven choice of A specified in (2.12) with log(1/a) < log p,
u/l <1, for any € > 0 there is a constant Ké’a such that

n n

+1{Tgf}[1<;aa,/“°gp L }
» c(D)

with probability at least | —a — ¢ — T.

~ m 1 m 1 m
1F = fllp,z < 3¢+ Kl yo |:\/m og(peu(im)) +\/s og(eu(m))]

(5.2)

This theorem provides a performance bound for OLS post-fit Lasso as a function of its spar-
sity (characterized by ni), Lasso’s rate of convergence, and the model selection ability of the
thresholding scheme. Generally, this bound is as good as the bound for OLS post-Lasso, because
the OLS post-fitness-thresholded Lasso thresholds as much as possible subject to maintaining a
certain goodness of fit. Another appealing feature is that this estimator determines the threshold-
ing level in a completely data-driven fashion. Moreover, by construction, the estimated model is
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sparser than the OLS post-Lasso model, which leads to an improved performance of OLS post-
fitness-thresholded Lasso over OLS post-Lasso in some cases. We provide further theoretical
comparisons below and computational examples in the supplemental article [2].

The following corollary summarizes the performance of OLS post-fit Lasso under commonly
used designs.

Corollary 3 (Asymptotic performance of OLS post-fit Lasso). Under the conditions of The-
orem 6, if conditions in (2.5) and (3.2) hold, then as n grows, the OLS post-fitness-thresholded

Lasso satisfies
[slog p .
o + ¢y, in general,
n
o(s) log p s e =~
o, ————+4+o0,./— +cy, ifm=op(s)andT CT wp — 1,
n n

o\/E—f—cs, ifT:Twp—)l.
n

If = fle.2Sp

Remark 5.2 (Comparison of the performance of OLS post-fit Lasso, Lasso, and OLS post-
Lasso). Under the conditions of the corollary, the OLS post-fitness-thresholded Lasso matches
the near-oracle rate of convergence of Lasso and OLS post-Lasso: o+/slogp/n + cg. If
m=op(s) and T C T wp — | and (2.5) hold, then OLS post-fit Lasso strictly improves on
Lasso’s rate. That is, if the oracle model has coefficients well separated from O and the approxi-
mation error is not dominant, then the improvement is strict. An interesting question is whether
OLS post-fit Lasso can outperform OLS post-Lasso in terms of the rates. We cannot rank these
estimators in terms of rates in general; however, this necessarily occurs when the Lasso does
not achieve the sufficient sparsity but the model selection works well, namely when 711 = op (i)
and TCT wp — 1. Finally, under conditions ensuring perfect model selection — namely, the
condition of Theorem 2 holding for ¢ = t,, — OLS post-fit Lasso achieves the oracle performance,

os/s/n+c;.

5.3. Performance of the OLS post-thresholded Lasso

We next consider the traditional thresholding scheme, which truncates to 0 all components below
a set threshold, ¢. This is arguably the most widely used thresholding scheme in the literature. To
state the result, recall that B;; = B;1{|B;| > t}, it := |T\T|,m, := |T\T| and y; := | B — Bll.n»
where Eis the Lasso estimator.

Theorem 7 (Performance of OLS post-t Lasso). Suppose that Conditions M, RE(c), and
RSE(m) hold, where ¢ = (¢ + 1)/(c — 1) and m = |T \ T|. If > > cn||S||co 0ccurs with prob-
ability at least 1 — «, then for any ¢ > 0, there is a constant K independent of n such that with
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probability at least 1 — o — ¢, for f, = xl{,g, we have

mlog p + (m + s) log(eu(n)) +3
n

If = flp,.2 < Ksa\/

Cs

+1{T ¢ T}<yt + ! +C—N? +2cs) + T ¢ T}
nk (c)
. |:K€U\/ﬁilogp+(rﬁ+s)log(ep.(rﬁ)) +2cs]<y,+ l+c A\/f +2CS)’
n c nk(c)

where y; < t/¢(m;)m;. Under Condition V and the data-driven choice of A specified in (2.12)
Sforlog(1/a) Slogp, u/t <1, for any € > 0, there is a constant Ké’a such that with probability
atleastl —a —e —1,

i log(peyu (i) \/slog(eu(ﬁ))}
+o n

n

~ 1 1
FUT Z Ty + KL gon) 22— 4ac, |,
’ n «(c)

This theorem provides a performance bound for OLS post-thresholded Lasso as a function of
(1) its sparsity, characterized by 71, and improvements in sparsity over Lasso, characterized by
my; (2) Lasso’s rate of convergence; (3) the thresholding level ¢ and resulting goodness-of-fit
loss, yy, relative to Lasso induced by thresholding; and (4) the model selection ability of the
thresholding scheme. Generally, this bound may be worse than the bound for Lasso, because the
OLS post-thresholded Lasso potentially uses too much thresholding, resulting in large goodness-
of-fit losses, y;. We provide further theoretical comparisons below and computational examples
in Section 4 of the supplemental article [2].

17 = flig,2 = 3¢+ KL, [a\/

Remark 5.3 (Comparison of the performance of OLS post-thresholded Lasso, Lasso, and OLS
post-Lasso). In this work, we also assume conditions in (2.5) and (3.2) presented in the foregoing
formal comparisons. Under these conditions, OLS post-thresholded Lasso obeys the bound

~ mlo s ~ slo
17 = Flie,2 Sp oy ngp+o\/;+cs+1{TzT}<yzvo,/$>. (5.3)

In this case, we have m vV m; < s +m <p s by Theorem 3. In general, the foregoing rate cannot
improve on Lasso’s rate of convergence given in Lemma 1.

As expected, the choice of ¢, which controls y; via the bound y; < /¢ (m;)m;, can have a
significant effect on the performance bounds. If

lo ~ slo
150 =L then | = flle,2 Sp oy oL + . (5.4)
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The choice (5.4), suggested by [13] and Theorem 3, is theoretically sound, because it guarantees
that OLS post-thresholded Lasso achieves the near-oracle rate of Lasso. Note that to implement
the choice (5.4) in practice, we suggest setting t = A/n, given that the separation of the coeffi-
cients from 0 is unknown in practice. Note that using a much larger ¢ can lead to inferior rates of
convergence.

Furthermore, there is a special class of models — a neighborhood of parametric models with
well-separated coefficients — for which improvements in the rate of convergence of Lasso are pos-
sible. Specifically, if 77 = op(s) and T C T wp — 1, then OLS post-thresholded Lasso strictly
improves on the Lasso’s rate. Furthermore, if 71 = op (i) and T C T wp — 1, then OLS post-
thresholded Lasso also outperforms OLS post-Lasso:

> o(im)lo s
IF = flp,25p o %H\/;m.

Finally, with the conditions of Theorem 2 holding for given 7, OLS post-thresholded Lasso
achieves oracle performance, || f — fllp, 2 Sp o/s/n+c;.

Appendix: Proofs

A.l. Proofs for Section 3

Proof of Theorem 1. The bound in | - ||2,, norm follows by the same steps specified by [4], and
thus we defer the derivation to the supplement.

Under the data-driven choice (2.12) of A and Condition V, we have ¢’G > co with prob-
ability at least 1 — 7, because ¢’ > ¢/£. Moreover, with the same probability, we also have
A < c'uo A(1 — «|X). The result follows by invoking the | - ||2,, bound.

The bound in || - ||; is proven as follows. First, assume that ||87¢||; < 2¢||87]/1. In this
case, by the definition of the restricted eigenvalue, we have |[6]; < (1 + 20)||67|l1 < (1 +
26)/51182.n/x (2€), and the result follows by applying the first bound to ||§]|2,, because ¢ > 1.
On the other hand, consider the case where ||§7¢||1 > 2¢||§7]|1. Here the relation

A
—C—n(II5T||1 + 187 ll) + IIBII%n 2¢5l18ll2,n = = (||<3T||1 = lI87<ll),
which is established in (2.3) in the supplemental article [2], implies that ||5]]2, < 2c, and also

n 2

_ c n n
87elly <cldrlli + ———18ll2,n 2es — 18112,2) < 187111 + ——C < —||5T Il + -
c—1A —1x

—1A*72

Thus,

1 = (14 == Yisreln < (14 = ) 2522
1= 2¢ )lerein= 2% )c—12"
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The result follows by taking the maximum of the bounds on each case and invoking the bound
on [|8l2,n- i

Proof of Theorem 2. Part (1) follows immediately from the assumptions. To show part (2), let
6 := B — Po, and proceed in two steps:
Step 1. By the first-order optimality conditions of 8 and the assumption on A,

IEn(xex81ll00 < IBnlxe(ye = x,B)]lloo + 1S/2llo0 + Bnlxre]lloo

because ||E;[Xe7e]|lco < min{ \‘/’_ cs} by step 2 below.
Next, let ¢ denote the jth canonical direction. Thus, for every j =1,..., p, we have

IEnle;xex,8] —8;| = [Enle]; (xex, — 1)8]|

< max [(Ey [xex I])]k|”8”]
1<j,k<p
<&l /[Us].

Then, combining the two bounds above and using the triangle inequality, we have

1\ A | o 8111
[18llo0 < IEn[xex 8]I00 + [IEn[Xex 8] — Slloo < (1 + )ﬂ —I—mln{ﬁ,cs} + Us

The result follows by Theorem 1 to bound ||5]|; and the arguments of [4] and [13] to show that
the bound on the correlations imply that for any C > 0,

k(C) = /1 =5(1+20)|[Es[xex], — lloo,

sothat k(¢) > /1 —[(1 +2¢)/U] and « (2¢) > /1 — [(1 + 4c)/ U] under this particular design.

Step 2. In this step, we show that ||E, [xe7e]llco < min{%, cs }. First, note that for every j =

1,...,p,wehave |E,;[xe;7e]| <,/Ep [xfj]]En [r.z] = ¢y. Next, by the definition of Sy in (2.2), for

Jj€T,wehave E;[xq;(fo — x,B0)] =E,[xe j*e] =0, because By is a minimizer over the support
of By. For j € T¢, we have that for any 7 € R,

Ea[(fo — x.0)°] +02% < Enl(fa = x.B0— txu))?] + 022 L

Therefore, for any ¢ € R, we have
—02/n < Bul(fo — x,o — 1xe))°] — En[(fo — x,B0)*1 = —2Ey[xej (fo — X, B0)] + 1" En[x];].

Taking the minimum over ¢ on the right-hand side at t* = E,[x.;(fs — x,f0)], we obtain
—02/n < —(Bplxej(fo — x,B0)])? or, equivalently, |E,[xq;(fo — x,B0)]| < o//n. U
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Proof of Lemma 2. Let T\Az support(ﬁ) and m = |T\ T'|. From the optimality conditions, we
have that |2, [x,;(ye —x,B8)]| = A/n for all j € T. Therefore, for R = (1, ..., r,)’, we have

T <2 (x'or = xP); |

<2[(X'(v = R— XB0)) 7| +2[ (X'(R + XBo — XB)) 7|

= = - 1/2
<VIT1 - 1lSlloo + 21/ () (EaL(,B — f071)'72,
using the definition of ¢ (i) and the Holder inequality,

I(X'(R+XBo—XB)7| = sup  |&/X'(R+XPo— XP)

leerello<m, llel <1

< sup l’ X' ||R + XBo — XBl

leerello<m, llel <1

= sup  0e/X'Xel[|R+ Xpo— XB|

larello<im,llell<1
— ~ 1/2
= ny/o ) (Eal (LB — £°1) /2.
Because A/c > n|| S| s, we have

1/2

(1 = 1/ IT 1% < 2ny/p i) (Eu[(xLB — fo)*1)

Moreover, because 7 < |T'|, and by Theorem 1 and Remark 3.1, (E,[(x.8 — f)2])'/? < |B —

(A.1)

Bollzn +cs <1+ %)nxk‘g + 3¢y, we have
(1 = 1/c)Vm < 2/p@) (1 + 1/¢)/s /k(E) + 63/ (M)ncs /2.
The result follows by noting that (1 — 1/¢) =2/(c + 1) by definition of c. |

Proof of Theorem 3. By Lemma 2, v/in < /¢ (m) - 2¢/5/k () + 3(C + /P @m) - neg /1,
which, by letting L, = (Tg) +3c+1) ;’%)2, can be rewritten as

m<s-¢(m)L,. (A.2)

Note that m < n by optimality conditions. Consider any M € M, and suppose that m > M.
Therefore, by Lemma 3 on the sublinearity of restricted sparse eigenvalues,

- m
m<s- IVM—‘Q)(M)LH.
Thus, because [k] < 2k for any k > 1, we have M < s-2¢ (M) L,,, which violates the condition of

M € M. Therefore, we must have 1 < M. In turn, applying (A.2) once more with i1 < (M A n),
we obtain m < s - ¢(M A n)Ly,. The result follows by minimizing the bound over M ¢ M. O
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A.2. Proofs for Section 4

Pr00£ of Theorem 4. Let E:: /FS:\ — PBo. By the definition of the second-step estimator, it follows
that Q(B) < Q(B) and Q(B) < Q(By7)- Thus,

0(B) — 0(Bo) < (O(B) — 0(B0)) A (Q(By7) — O(B0)) < Bu A C.

By Lemma 4 part (1), for any ¢ > 0 there exists a constant K, such that with probability at least
1—&,10(B) — 0(Bo) — ||<3||2 ol < Aenll8llzn + 2¢5[18112,0, Where

Acw = Koo\ (log p + (@ + 5) log(en(@))) /n.

Solving this, we obtain the stated inequality, ||5||2,n < Aen+2¢cs +/(Bu)+ A (Cp)+. Finally,
the bound on B, follows from Lemma 4 part (1). The bound on C, follows from Lemma 4
part (2). O

Combining these relations, we obtain the inequality |[8]|3 , — Ae nlI8l12,n — 2¢5 18 12,0 < Bu A Ca.

Proof of Lemma 4. The proof of part (1) follows from the relation
|0(Bo+8) — O(Bo) — 11613, = 12Enleax,8] + 2E, [rox 51|,

and then bounding |2E, [rex,8]| by 2¢s|8]|2.» using the Cauchy—Schwarz inequality, applying
Lemma 5 on sparse control of noise to |2, [€,x,8]|, where we bound (fr’l ) by p™ and set K, =
6«/510g1/2 max{e, D, 1/(e’¢[1 — 1/e])}. The proof part (2) also follows from Lemma 5, but
applying it with s =0, p = s (because only the components in 7 are modified), m = k, and
noting that we can take u(m) with m =0. U

Proof of Lemma 5. We divide the proof into steps.

Step 0. Note that we can restrict the supremum over ||3]| = 1 because the function is homoge-
nous of degree 0. ~

Step 1. For each nonnegative integer m < n and each set T C {1,...,p}, with [T\ T| <m,
define the class of functions

G7 = {€ix/8/ 118112, : support(8) € T, 8] = 1}. (A.3)

Also define F,,, = {g;:f - {1,...,p}:|f\T| < m}. It follows that

P( sup |Gn(f>|2en<m,n))s(”) max P(sup [Gu(NlZeatmm).  (Ad)

fe€Fm |T\T‘<m fegf

We apply the Samorodnitsky—Talagrand inequality (Proposition A.2.7 of van der Vaart and
Wellner [23]) to bound the right-hand side of (A.4). Let

p(f.8) = \JEIGu(f) = Gu(@)P? = | EE,L(f — 9]
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for f, g € G5. By step 2 below, the covering number of G5 with respect to p obeys
N(e, G7,p) < (6G,u(m)/8)m+s foreach 0 < ¢ <o, (A.5)

and aQ(Q;) = Max fegx E[G,(f )]?> = o2. Then, by the Samorodnitsky—Talagrand inequality,

m+s
P( sup |G (f)] > en(m, n)) < ) D(en(m,n)/o) (A.6)

(Dou(m)en(m, n)
fegF

m + so?

for some universal constant D > 1, where ® = 1 — ® and @ is the cumulative probability distri-
bution function for a standardized Gaussian random variable. For e, (m, n) defined in the state-
ment of the theorem, it follows that P (sup pcg.. |Gy (f)] = en(m, m)) < ne~"=*/(P) by simple
substitution into (A.6).Then,

P sup 1G] > exom, ). 3m <n) < ,;)P(fsfﬁﬂm 2(F)] > ea(m.m))

<Y e < et /(- 1/e),

m=0

which proves the claim.
Step 2. This step establishes (A.5). For r € R” and 7 € RP, consider any two functions

't '7)
€ (x;1) and ¢; )

in G7, foragwenTC{l ..,p}:|T\T| <m.
1112, 7112,

We have that

Lt 7 t —1))2 [1) f
\/EE,,[GE((X’) (x, )) }_ EE”[.(x( 1)) i|+\/E]En|:ef<(x') (x] )) ]
Itz N7l2.n 12113, el N7l2n
__By definition of G in (A.3), support(f) € T and support(r) C T, so that support(t — 1) T,
|T \T| <m,and |t|| =1 by (A.3). Thus, by the definition of RSE(m),

(x,(t —1))?
e [ U D2

} <o)t —71*/R(m)*, and

12113,

~ =\ 2 ~ ~ 2
2f (D) (1) 2 D (17ll2,0 = It 12,0
EE,|e;| —/— — —= =EE,| ;=
Itz T2 72, litlza
oy 2
_ 02( l1Z1l2.n — |It|I2,n>
121120

207 412 2 2 =2 /2
ol =13, /ltlz, <o pm)llr — ]|/ (m)~,
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so that

/ / 2
\/EEn[ez( o) _ (m) }§2dllt—?||\/¢(rn)/?(m)=20M(m)||t—t~ll.

ltll2n  ltll2.n

Then the bound (A.5) follows from the bound of [23], page 94, N (¢, G7, p) < N(¢/R, B(0, 1),
Il- 1D < (BR/e)™, with R =20 u(m) forany ¢ <o. O

A.3. Proofs for Section 5

Eroof of Theorem 5. First, note that if 7 C T, we then have C,, =0, sothat B, AC, < {T £
T}B,. R R
__Next, we bound Bj,. Note that by the optimality of f in the Lasso problem, and letting § =
B — Po,

~ A A -~ Ao~ —~
By = Q(B) — Q(Po) = —(llBolly = 1A1I1) = —(llor iy — lId7< 1) (A7)

If [[57¢lly > 18711, then we have Q(B) — Q(Bo) < 0. Otherwise, if [87¢[l; < [87 |1, then, by
RE(1), we have

— o~ Ao~ A
Byi= OB) — 0(o) < “ 1oy 1y < =Yl
n n k(1)

The result follows by applying Theorem 1 to bound ||:3\||2,,,, under the condition that RE(1) holds,
along with Theorem 4.

The second claim follows from the first by using A < /nlog p under Condition V, the speci-
fied conditions on the penalty level. The final bound follows by applying the relation that for any
nonnegative numbers a, b, we have \/% <(a—+b)/2. O

(A.8)
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