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In this paper, we propose a new framework to construct confidence sets for a d-dimensional unknown
sparse parameter @ under the normal mean model X ~ N 0,52D). A key feature of the proposed
confidence set is its capability to account for the sparsity of @, thus named as sparse confidence set.
This is in sharp contrast with the classical methods, such as the Bonferroni confidence intervals and
other resampling-based procedures, where the sparsity of  is often ignored. Specifically, we require the
desired sparse confidence set to satisfy the following two conditions: (i) uniformly over the parameter
space, the coverage probability for @ is above a pre-specified level; (ii) there exists a random subset S of
{L,...,d} such that S guarantees the pre-specified true negative rate for detecting non-zero 6;’s. To exploit
the sparsity of 6, we allow the confidence interval for 6; to degenerate to a single point 0 for any j ¢ S.
Under this new framework, we first consider whether there exist sparse confidence sets that satisfy the
above two conditions. To address this question, we establish a non-asymptotic minimax lower bound for
the non-coverage probability over a suitable class of sparse confidence sets. The lower bound deciphers
the role of sparsity and minimum signal-to-noise ratio (SNR) in the construction of sparse confidence
sets. Furthermore, under suitable conditions on the SNR, a two-stage procedure is proposed to construct a
sparse confidence set. To evaluate the optimality, the proposed sparse confidence set is shown to attain a
minimax lower bound of some properly defined risk function up to a constant factor. Finally, we develop
an adaptive procedure to the unknown sparsity. Numerical studies are conducted to verify the theoretical
results.

Keywords: Adaptivity; confidence interval; high-dimensional statistics; minimax optimality; sparsity;
true negative rate.

1. Introduction

Assume that we observe a d-dimensional random vector X = (X{,...,X,;) satisfying the following
normal mean model, also known as Gaussian sequence model,

X ~N@,0%0), (1.1)

where § = (6,,...,6,) is a d-dimensional unknown parameter, I is an identity matrix and o2
is the common variance which is assumed to be known. The mathematical simplicity of normal
mean models is often exploited to discover the fundamental phenomena underlying more compli-
cated statistical models. In particular, the normal mean model has attracted numerous interest in
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high-dimensional statistics. Among others, [1] proposed an adaptive procedure for estimating sparse
0 which is asymptotically minimax for £, loss, while [10] derived the minimax risk for the recovery
of sparsity pattern under the Hamming loss. From a different perspective, the detection boundary for
testing the null hypothesis # = 0 has been well studied by [2, 17, 18], among many others. However,
the uncertainty quantification in terms of confidence sets for  is less explored, partly because one can
easily construct the following (1 — «) level confidence sets:

{0 eR?: max X, — 60, < 1,0}, (1.2)

where the cut-off 7, can be determined by the Gaussianity of X with Bonferroni (or Sidak) correction
or resampling methods [3, 13]. With a slightly different goal, [6] proposed to construct confidence
intervals for some randomly selected components of #, known as selective confidence intervals; see also
[7, 16, 31, 34] for some recent development.

Recently, there is a growing interest in developing confidence intervals for sparse linear regression
and other regression models, for instance, [5, 11, 19, 24, 26, 27, 29, 32], a list that is far from exhaustive.
The method is often termed as a debiased or desparsifying approach in the literature. Their main idea is
to remove the bias of the penalized estimator, e.g. Lasso, so that the resulting estimator of the unknown
regression coefficients is asymptotically linear. The confidence intervals for each component of the
regression parameter are obtained by Gaussian approximation. Intuitively, the debiased estimator can be
viewed as the random vector X in the normal mean model after the use of the central limit theorem
and other asymptotic approximations. As a result, one can construct confidence sets for the whole
vector of regression parameter in a similar way as (1.2) using the resampling method; see [33]. In
another strand of research, [25] proposed honest and adaptive confidence sets for sparse linear models.
A computationally feasible approach is developed by [12], in which the confidence set has the form
Be 5 = 6 € R? : ||0 — 0|, < C,} for some suitable C,, and 9 is the Lasso estimator in linear
regression.

For such confidence set centred at the debiased estimator or Lasso estimator (e.g. B, 3), the points
in this set are not necessarily sparse (especially in finite samples). If we know a priori that the true
parameter is sparse, all non-sparse points in B, 3 are not the true parameter, which can be removed
from B 5. In other words, the confidence set B, 3 does not respect the sparsity structure of the
parameter Conceptually, we can improve B, 5 by takmg all sparse points in B, 3 as the confidence set
for 6. However, such a procedure is less intuitive and the result is hard to interpret. To the best of our
knowledge, it is an open problem to formulate ‘sparse confidence sets’ and, if possible, construct them
in a simple and optimal way.

1.1 Formulation of sparse confidence sets

To address this question, we propose a new framework to construct ‘sparse confidence sets’ for # under
the normal mean model. The proposed method can simultaneously quantify the uncertainty of non-zero
parameters and also account for the sparsity of 6. To be specific, we first consider the setting that the

parameter § = (6, ..., 0,;) belongs to a one-sided sparse set in RY ie. 0 e ®7 (s, a), where
Ot (s,a) ={0 e RY: |0l < s, min 6, > a}, 1.3
(s,a) = { 101lp < s j:ej;eo ; > a} (1.3)
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for some s,a > 0. Given X ~ N(0,0°%I), a sparse confidence set M (S, U, L) for 0 is defined in the
following form:

M(S,U,L) =1{0 € RY 0g =0and 9]- €L, U]l for any j € S}, (1.4)

where S := S(X) is a random subset of [d] = {1,2,...,d}, S¢ denotes the complement of S and L =
(Ly,...Ly) and U = (Uy, ..., U,) with Lj = Lj(X) and Uj = Uj(X), respectively, being the lower and
upper confidence bounds for ;. If j belongs to S, [L;, U;] is the confidence interval for ¢;, otherwise
the confidence interval degenerates to a single point 0. The cardinality of the random set § determines
the ‘sparsity’ level of M(S,U,L). Note that by setting S = [d], M(S,U, L) reduces to the classical
confidence intervals, such as (1.2). On the other hand, if the support set of 6 is known, one can take
S = supp(@) and M(S, U, L) reduces to the so-called oracle confidence intervals; see Remark 4. By
exploiting the sparsity of @, the oracle confidence interval degenerates to 0 for those 6; not in the support,
and therefore is an example of sparse confidence sets in (1.4). Since the support set of @ is unknown, in
regression models, [14, 15, 30] proposed to construct asymptotically valid oracle confidence intervals
for the non-zero parameters under the assumption that the support set can be recovered with probability
tending to 1.

Formally, we require that the desired sparse confidence set (1.4) should satisfy the following two
conditions.

e M(S,U,L) has the desired coverage probability for  uniformly over ®* (s, a), that is for a given
level 0 < o < 1,

sup Py(0 ¢ M(S.U.L)) < a. (1.5)
0cO*(s,a)

This is the typical requirement for the validity of the confidence set.

e M(S,U,L) is ‘sparse.” Formally, for a given level 0 < § < 1, we require

FPR <1 —§, where FPR := sup sup Py (j € S(X)). (1.6)
Jeld] 9O (5,a).0;/=0

This condition implies that the probability of a null signal with 6, = 0 being selected by some
variable selection algorithm via the set S(X) is no greater than 1 — §. Thus, 1 — § corresponds to
the false positive rate (FPR) of selecting non-zero 6,’s. Similarly, we can define the true negative
rate (TNR) as TNR = 1 — FPR, and view § as the desired TNR level. From this interpretation, we
can see that a larger value of § requires the confidence set to have less false positives. Finally, we
note that § also controls the expected cardinality of § = S(X), where we use |S(X)| to denote the
cardinality of the set S(X). Specifically, by (1.6) we obtain

sip EplSOI = sup [ D" Pp(eSX)+ 3 Byl e S|

Ok Oks . .
0Ot (s,a) 0O (s,a) J:6#0 Jj:6;=0

<s+d-9(1-9),
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4 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

where the inequality follows from [|@]|, < s and (1.6). Recall that if j ¢ S(X), [Lj, U] degenerates
to a single point 0. Thus, the expected number of intervals [L, U] that degenerate to O is at least
(d—15),1e. EglS°X)| =d—s—(d—s)(1 =) = (d—s)s.

Conceptually, it may be more intuitive to directly pre-specify the size of S when constructing
M(S, U, L) as opposed to requiring (1.6). However, an appropriate choice of |S| depends on the unknown
sparsity of 8 and is often difficult to specify in practice. Therefore, we take the current approach which
requires (1.6) together with (1.5).

1.2 Main results

Under this novel framework, our goal is to construct M (S, U, L) such that (1.5) and (1.6) hold. In view
of the definition of the sparse confidence set (1.4), it is easily seen that if there exists some j € [d] such
that j € supp(f) and j ¢ S, then @ would never be covered by M(S, U, L). Similarly, if |S] is too large
(e.g. S = [d]), there may exist too many false positives such that (1.6) is violated. Thus, the bottleneck
is how to construct a set S for which supp(f#) < S holds with some desired probability and (1.6) is
valid. We first study the existence of such set S. To this end, a non-asymptotic minimax lower bound
for Py (supp(#) Z ) is established in Theorem 1 over a suitable class of random sets S satisfying (1.6).
More precisely, the class of the random sets is defined in (2.1). The lower bound details the conditions
on the sparsity and minimum signal-to-noise ratio (SNR) in the construction. To match the lower bound,
we further show in Theorem 3 that, under appropriate conditions on the SNR, a random set §a, obtained
by a simple thresholding procedure contains supp(6) with probability greater than 1 — ' and satisfies
(1.6), where o’ is a pre-specified tolerance level.

Given the set §a,, we proceed to construct the lower and upper confidence bounds L and U. Since
the parameter space @ (s, @) in (1.3) is one-sided, we focus on the one-sided sparse confidence set with
U; = +oo forj € S. In Section 2.2, we derive the lower confidence bound /L\] for those j € §a, using
Bonferroni correction to account for the multiple comparisons and the randomness of the estimated
set §a,. In Theorem 4, we show that the sparse confidence set constructed above satisfies the desired
conditions (1.5) and (1.6).

Theorems 1, 3 and 4 together characterize the role of the minimum SNR, defined as a/o, in the
construction of sparse confidence sets. In particular, in the asymptotic regime d,s — oo, a phase
transition phenomenon occurs when the SNR reaches the level o1 + /2log s, where 1) is
the inverse function of the Gaussian c.d.f. ®(-). To be specific, if a/o < ®~1(8) + (1 — €)/2Tog s for
an arbitrarily small positive constant €, it is impossible to construct sparse confidence sets with the set
in (2.1). On the other hand, if a/o > ®~(8) + /21ogs, the proposed sparse confidence set satisfies
the conditions (1.5) and (1.6).

When the conditions on the SNR are fulfilled, there exist infinite number of sparse confidence
sets of form (1.4) that meet (1.5) and (1.6). In Section 3, we further evaluate the optimality of the
sparse confidence set. For the one-sided interval M (S, U, L), we formally define the following optimality
criterion function

RM(S, U,L),®+(s,a)) = sup sup E,,(Q/. _Lj)’ (1.7)
1<j<d §c®*(s,a) ’

which represents the maximum distance between 9j and E, (Lj); see Section 3 for further details.
Intuitively, L; < 6; is expected in order for the one-sided confidence interval to cover the unknown
parameter Gj. As a result, the smaller E, (Qj — Lj) is, the more preferred the confidence interval is.
However, the non-coverage probability of the confidence set M(S, U, L) can be inflated, if we force
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RM(S,U,L),®%(s,a)) to be too small. This trade-off is formalized in Theorem 6. In particular, we
establish the non-asymptotic minimax lower bound for the non-coverage probability of M (S, U, L) over
the class of confidence sets that satisfy (1.6) and R(M(S, U, L), ®*(s,a)) < m for some given m. Under
the asymptotic regime d,s — 00, a direct implication of Theorem 6 is the minimax lower bound for
R(M(S,U, L), ®%(s,a)). This result is shown in Corollary 8. We further show that the sparse confidence
set ]l_/[a, defined in (2.14) attains the above minimax lower bound up to a constant factor 2. Thus, the
proposed sparse confidence set is optimal (up to a constant) with respect to R(M(S, U, L), ©% (s, a)).

While the proposed sparse confidence set Ma/ is optimal, the construction of Ma/ requires the
knowledge of the unknown sparsity s and the minimum signal strength a. In Section 4, we propose
a sparse confidence set that is adaptive to the unknown sparsity. In Theorem 9, we show that, under
the asymptotic regime, the adaptive sparse confidence set attains the same minimax lower bound for
R(M(S,U,L),®"(s,a)) up to a constant.

Numerical studies are conducted in Section 6 to backup our results. The proofs are deferred to the
Appendix.

1.3 Comparison with the existing literature

In selective inference, the goal is to provide valid confidence intervals for a set of selected parameters
{0;},c5, where Sisa data-dependent subset of [d] from some variable selection algorithm. Within this
framework, there are different types of error rates one may want to control, such as simultaneous over
all possible selection (SoP) error rate [8], conditional over selected error rate [21] and simultaneous over
selected (SoS) error rate [7, 16]. Refer to [7] for the detailed literature review. Note that one requirement
of our sparse confidence set is (1.5), which implies that the sparse confidence set controls the SoP and
SoS errors at level «; see Section 5 in [7].

While our two-stage procedure is in similar spirit to selective confidence intervals, our goal is to
provide a valid confidence set that covers the whole vector of § with the desired coverage probability. In
particular, if j ¢ S(X) for some S(X) constructed via our two-stage method, our confidence interval for
6; is 0. The uncertainty of assigning 0 confidence intervals to 6; is taken into account in our method. In
contrast, selective inference makes no confidence statement about the parameters not selected in s (or
equivalently their confidence interval for 9]- is (—00, +00) forj ¢ 3‘).

The confidence intervals from the debiased method can be viewed as the confidence intervals with
Bonferroni correction under the Gaussian sequence model [5, 11, 19, 26, 29, 32]. Both the Bonferroni
confidence intervals and our sparse confidence intervals have the desired coverage probability for the
entire vector # € RY. However, our sparse confidence intervals can degenerate to the point 0 for some
entries of #, which means the sparse confidence intervals can also perform variable selection. Intuitively,
if the practitioners are interested in both variable selection and confidence intervals for 6, the sparse
confidence intervals can be more appropriate. Finally, we note that the optimality results established
in Corollary 8 are not applicable to the Bonferroni confidence interval, as it does not belong to . in
(3.4).

Notation. The following notations are used throughout the paper. For any a,b € R, denote a V b =
max(a, b) and a A b = min(a, b). Denote (@), = aif a > 0 and 0 otherwise. For any sequences a,, b,,,
we write a,, ~ b, if a,/b, — 1 asn — oo.

2. Sparse Confidence Sets for One-sided Parameter Space

In this section, we consider how to construct sparse confidence sets M (S, U, L) under the normal mean
model X ~ N(0,021), where 6 belongs to the space ®*(s,a) defined in (1.3). In order to guarantee
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6 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

(1.5) and (1.6), the bottleneck is to construct the set S, if it is possible. In Section 2.1, we consider how
to construct the set S as our first step. Once the set S is available, we construct appropriate lower and
upper confidence bounds L and U in Section 2.2.

2.1  Construction of the set S

The first question concerns whether it is possible to construct an index set S with the desired properties.
Define

F(8) ={SX) : Py(j € SX)) <14,
and the event {j € S(X)} only depends on Xj for any j € [d]}, 2.1

where we define P, (&'(X j)) as the probability of some event &(X j) depending on X I3 where X i
N(0,02) and § is specified in (1.6). On top of (1.6), we focus on the separable rule: whether j is selected
by S(X) or not is independent of the data X; for i # j.

The following theorem provides the non-asymptotic minimax lower bound for Py (supp(f) & §)
over the class of separable rules .#(§) for any given §.

THEOREM 1. (Minimax lower bound). For any s > 1 and 0 < § < 1, we have

inf  sup Pp(supp@) €8 >1— ——, (2.2)
Se.F0) b0t (sa) (A+1)*
where A = ®(d~!(8) — a/o). Furthermore, consider the asymptotic setting that s,d — oo. Let g
denote an arbitrary sequence ¢, — oo and ¢;/s — 0. When the SNR satisfies

ajo <k, =18 — 7 (c,/s5), (2.3)

we have

liminf_inf  sup P,(supp(d) £ S) = 1. (2.4)
d,5=>00 G F(5) 9O+ (s,a)

A few remarks are in order. First, we note that the non-asymptotic lower bound in (2.2) depends on
the TNR 4§, the SNR a/o and the sparsity level s. Since we are only interested in whether the non-zero
parameters in @ are selected by S or not, the lower bound is free of the dimensionality d, which differs
from the lower bounds for support recovery [10]. Second, the role of SNR and TNR becomes more
transparent in the asymptotic regime as both d,s — oo. In particular, the asymptotic lower bound in
(2.4) implies that when the SNR is finite or diverges slowly enough (a/o < «,), we cannot construct
sparse confidence sets M (§, U,L) where S e Z(3) contains supp(f) uniformly over the parameter
space O™ (s, a). Third, we comment that k, > 01if and only if § > c,/s. Thus, the negative result (2.4)
is meaningful only if the pre-specified TNR is greater than c¢,/s.

Recall that in view of the definition of the sparse confidence set, § € M (S, U, L) implies supp(f) <
S. Thus, Theorem 1 leads to the following simple corollary on the feasibility of sparse confidence sets.
To avoid repetition, we only present the asymptotic result.
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Y. NING AND G. CHENG 7

COROLLARY 2. Under the asymptotic setting s,d — o0, if (2.3) holds, then for any sparse confidence
set M(S,U, L) with S € .Z(38) we always have

liminf sup Py(@ ¢ M(S,U,L)) = 1.

=00 o+ (s,a)

As aresult, the two requirements (1.5) and (1.6) cannot hold simultaneously unless the SNR is above
the threshold «,, defined in (2.3).

In the following text, we construct an index set that satisfies the desired coverage probability under
certain signal strength condition. The estimator §a, is defined as

S, = {j €ld): % > (cp—l(%) + g) v @‘1(5)}, (2.5)

where o denotes the tolerance level for the non-coverage probability of the index set. The following
theorem shows that S, belongs to the set .%(5) and the non-coverage probability of S, is no greater
than o’

THEOREM 3. (Upper bound). For any 0 < &’ < 1, it holds that §a, € Z(8). In addition, if

ajo > k* =07 1(8) — o7 /s) (2.6)
holds, then
sup P,(supp(@) £ S,) < o'. (2.7)
0O (s,a)

REMARK 1. It is of interest to compare the two thresholds «, in (2.3) and «* in (2.6). Assume that
s — oo and o' is fixed. By the tail bound inequality for Gaussian random variables (e.g. Lemma 16),

we can show that k* ~ ®~1(8) + /2logs. Similarly, we have Ky ™~ o1 + V2log(s/cy). Thus,
Theorems 1 and 3 together imply a phase transition at the level ®~!(8) 4+ /2Togs, i.e.

o ifajo <® ')+ - €)~/21og s for some small positive constant €, it is impossible to construct
sparse confidence sets M (S, U, L) with S € .Z(3), i.e. (2.4) holds.

o ifajo > o) + /2logs, §a, has the desired coverage probability, i.e. (2.7) holds, which leads
to a valid sparse confidence set as shown in the next subsection.

2.2 Construction of one-sided confidence sets

In this section, we are ready to construct the confidence set based on §a/ in (2.5). Recall that 0 ;= 0
in ©®" (s,a). We are mainly interested in the one-sided confidence interval concerning the distance of
the lower confidence bound to 0. Specifically, for j € S/, we would like to construct a one-sided

confidence interval [c¢ i» +00) with some ¢ ;= 0.Ifc j is strictly greater than O (i.e. O is not contained in
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8 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

the confidence interval), we can conclude that 6 ; is non-zero with the desired confidence level. Thus,
we define the one-sided sparse confidence set as

M, =M@, .UL), where L; = (X; —,y0),, U; = +00 (2.8)

for any j € §a, and 7, is to be specified later to attain the desired coverage probability. To simplify the
presentation, we treat o’ as a given tuning parameter.
We partition the SNR region into low and high levels for constructing the sparse confidence set (2.8):

e Low SNRregion: R, = {x : k* <k < k* V&},
e High SNR region: Ry; = {k : & > k* V&},

where

7= —q>—1(°‘ —“ ) — ! (“—) (2.9

and « is the desired level specified in (1.5). In both regions, we require the SNR to be no smaller than
k* in order to guarantee (2.7); see Remark 1. Under the asymptotic regime d,s — oo, provided that
o, o’ and § are all taken to be constants, we have k* < ¥ and R; and Ry reduce to {k : k* < k < ra)
and {k : K > Kk}, respectively. However, if the pre-specified TNR is sufficiently close to 1, i.e. § >
1 — (¢ —a)/d, we have * > k. In this case, R; becomes an empty set and Ry, = {x : k > «*}.

The following theorem shows that with a suitable choice of %, the sparse confidence set (2.8)
satisfies (1.5) and (1.6).

THEOREM 4. For any 0 < &’ < «, provided (2.6) holds, we have

sup  Py(jeS,)<1—6, and sup Py0¢M,) <a,
0O (s,a),0/=0 0Ot (s,a)

where %, in (2.8) is given by

o1 (1 - 25¢) ifa/o € Ry,
@-1(1 _ Ow) ifajo € Ry,
where 1+ = & (£ + @~1(%)),

Theorem 4 implies that, when the SNR belongs to the low SNR region assuming it exists, the
confidence interval for 6, is either 0 if j ¢ S, or [(X; — ocd (1 - =), +o0) if j € S,/ Note that
the one-sided confidence interval for 6; with Bonferroni correction (without accounting for sparsity) is
given by

(011 5) )
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Y. NING AND G. CHENG 9

for 1 <j < d. Thus, in the case of low SNR, our sparse confidence set for ¢; with j € S , can be viewed
as the Bonferroni correction at a reduced level o — o’ in order to account for the randomness of the
estimated set Sa,.

To better understand the choice of %, in the high SNR region R;;, we focus on the following subset
of Ry,

g > (_ cp—l(%i) _ cb_l(a?)) Vit 2.11)

where € is an arbitrarily small positive constant. In this case, we can show that

—od'd—s a—ad
d—s)(1—nh) < < )
@=90-nh =T T+e d — l+e

As a result, we have
(2.12)

(@ —a) )

ii/g(:D_l(l—— .
s(14+¢€)/e

o

Recall that the oracle confidence interval is defined as
-1 o
[(Xj o (1 — —)) ,+oo) (2.13)
s//+

for j € supp(#) and O otherwise. Thus, when (2.11) holds, our sparse confidence set with (2.12) is in
similar spirit to the oracle interval with a multiplicity correction factor s(1 + €)/€ at level o — o

While Theorem 4 shows that M , in (2.8) is a valid sparse confidence set, we show in Appendix C
thatM is suboptimal in terms of the criterion function R(M (S, U, L), ®t(s,a)) in (1.7) (as d, s — 00).
To investigate the optimality of the sparse confidence set in the next section, we now focus on the
asymptotic regime, where d,s — oo and we treat the pre-specified levels « and § as fixed. In the
following text, we propose an asymptotic sparse confidence set Ma/, and establish its optimality in the
next section:

My =M(S,,U,L), where L; = (X; — it,y0) ,, U; = 400 (2.14)

forj € S, . Here, S, and 1,/ are defined as follows.

o When«** <a/o < i,define; € S, if and only if X;/o > &~1(8), and

iy, = \/210g (m) (2.15)
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10 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

e Whena/o > k, define j € S‘a/ if and only if X ;/0° > \/2log((a2(d—*5)/), and

_a/)cdfs,a

iy = \/210g (ﬁ) (2.16)

a—o’

The cut-off points for the SNR are defined as

# — o1 (s 21 )
K ) + og Coet

and

= |21 2d —s) + |21 i
K= og 0og >
((X — O(/)Cd_s’a_a/ Cs’a/a/

where C ,, = 2(m log(s /a'))!/2. The cut-off points «** and i are the asymptotic versions of k* in (2.6)
and ¥ in (2.9), respectively, by applying the tail bound inequality for Gaussian random variables (e.g.
Lemma 16). Note that & diverges to infinity faster than «* as d,s — o0. Thus, unlike the high SNR
region R, in the non-asymptotic setting, there is no need to take the maximum of k¥ and «*.

The following corollary shows that M, 18 a valid sparse confidence set as d, s — oo.

COROLLARY 5. Assume that d,s — oo and §, o are pre-specified fixed constants. For any 0 < o’ < «,
provided «** < a/o, we have

lim sup sup Po(j € :S’a/) <1-34, limsup sup Py(0 ¢ ]l_/Iu/) <a.

d,;s—>00 007 (s,a),0;=0 d,s—00 0Ot (s,a)

REMARK 2. (On the choice of ). We note that in general «**, i and #,, in (2.15) and (2.16) all depend
on the choice of o’. However, in the asymptotic regime, if we set o’ = ya for any fixed constant
0 <y < 1,thenit, ~ /2Togd in (2.15) and i1, ~ +/2Togs in (2.16), and similarly, K** ~ d~1(§) +
2logs and k ~ /2log(d — s) + +/21logs, which are all asymptotically independent of «’. From a
theoretical perspective, when d, s are large enough, the choice of «’ has little effect on the proposed
confidence interval. Therefore, in the asymptotic analysis, we treat o’ as a fixed small constant. We
refer to the numerical studies in Section 6 for sensitivity analysis and further practical guidelines on
choosing o’.

Finally, we note that when constructing the sparse confidence set, we treat o and § as pre-specified.
In other words, we do not consider § as a tuning parameter in this work. In addition, Corollary 5 shows
that the sparse confidence set 1\_/10/ is valid when the minimum SNR satisfies a/o > «**. Without
knowing this information, the sparse confidence set should be interpreted with care.
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Y. NING AND G. CHENG 11

3. Optimality of Sparse Confidence Sets

In this section, we will establish the optimality of the proposed sparse confidence sets with respect to
the criterion function R(M(S,U, L), ®%(s,a)) in (1.7). We define a generic class of one-sided sparse
confidence sets as

Cl, ={M(S,U,L) : S C [d], and for any j € [d], Lj, Uj only depend on Xj,

O§Lj §XjVOand Uj:—l—ooifjeS,otherwiseLj: Uj:O}.

In the above definition, S in M (S, U, L) can be any subset of [d]. For any confidence set M(S,U, L) in
Cl,, we first require that the construction of (L i U j) is separable for 1 < j < d, which is compatible
with the condition in the definition of .%#(8) in (2.1). In addition, we require L i =< X iV 0, a technical
condition to control the tail of L i In order for the interval [L i 00) to cover 6 ;> one would expect that the
lower confidence bound L j is smaller than X i Together with L = 0, this implies 0 < L i =< X iV 0.1Itis
easily seen that the one-sided Bonferrroni confidence set with S = [d] and L = X i~ ocd! 1- %)) X
belongs to CI, .

Within the class of confidence sets CI,, we further define M " (m,8) as a subset such that
RWM(S,U,L),®"(s,a)) < m for some given m > 0 and S € .#(8) holds as defined in (2.1). Formally,
for any m > 0 and § in (2.1), we have

M (m,8) = {M(s, U,L) € CI, : R(M(S,U,L),®" (s,a)) <m, and S € 2(5)], 3.1)

where the quantity m characterizes the maximum distance between 6; and the expected value of the
lower confidence bound E(L ). Intuitively, given any two confidence sets in CI both with the desired
coverage probability, we would favour the one with a smaller value of R(M(S,U, L), O%(s,a)), as it
corresponds to a ‘shorter’ one-sided confidence interval and is more informative on the possible range
of ;. However, if we set m to be too small, the non-coverage probability of any confidence sets in
A (m,5) may go beyond the desired level .

In the following theorem, we demonstrate this trade-off by showing the non-asymptotic lower bound
for the non-coverage probability of any confidence set in ., (m, §).

THEOREM 6. (Minimax lower bound). For any s > 1 and M € .4 (m, ), it holds that

sup Pp(0 ¢ M) > max( sup G(d,A,p,m), sup G(s,B,p,m),1— 3.2)

0Ot (s,a) p>a,A<s p>0,B<s (A + 1)‘9)’
where A is defined in Theorem 1,

Alg(d,A,p) — (m+R)/pl;
1+ Alg(d,A,p) —(m+R)/pl,’

G(d,A, p,m) =

with

s =S40 £ L) o~ £+ Sn(§-).
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12 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

and

R= | aexp (- (2)))YAtoler ~ !
2 2\ ) T340 /p2 +1

and G(s, B, p, m) is defined similarly.

We show that the non-asymptotic lower bound (3.2) is the maximum of three terms, which are
obtained by reducing the supremum over # € ©%(s,a) to the maximum over different subsets of
©%(s,a). For example, the first term G(d, A, p,m) is obtained by considering the set @(A) = {# €
RY : 0llp =A,0; = p, for anyo; # 0}, where 0 < A < s and p > a. That is we consider all possible
0 with cardinality A and the parameter on the support set is fixed at p. Since the non-zero entry is no
smaller than a and the sparsity level is no greater than s, we require p > a and A < s. When a diverges
slowly enough as s,d — oo, this term dominates and converges to 1 for some suitable m, see case (2)
of the following Corollary 7. Similarly, the second term G(s, B, p, m) is derived by reducing ® (s, ) to
a different subset; see the proof of Theorem 6 for more information. As seen in case (3) of Corollary 7,
this term converges to 1 when a is sufficiently large. The last term is inherited from Theorem 1, see also
the discussion of Corollary 2.

To simplify the results in Theorem 6, we consider the asymptotic regime in the following corollary.

COROLLARY 7. Assume that s,d — oo.
(1). Ifa/o <k, defined in (2.3), then

lim inf inf sup Pp(0 ¢ M) =1.
d.5—>00 Me M\ (m.8) 9O+ (s.a)

2). Ifk, <a/o <,/2log(d/A; — 1), then

lim inf inf sup Py ¢ M) =1,
d.s—>00 Me M 1 (m8) 9O+ (s,a)

for m < a(% — K—j)JZlog(d/Ad -1 + %(1 — df%d), where A;, W, are two arbitrary
sequences satisfying

d
2W,; <A, <, T — oo, and W; — oo. 3.3)
d

3). Ifa/o = . /2log(d/A — 1) for some constant 0 < A < s, then

liminf  inf sup Pp(0 ¢ M) =1,
dys—00 Me M. (m8) O+ (s,a)

form < 0(% — Blj) 2log(s/B; — 1)+ %(1 — Sf%v ), where B, V are two arbitrary sequences
satisfying 2V, < B; < s and s/B; — o0,V — oo.
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Y. NING AND G. CHENG 13

This corollary details the trade-off between the coverage probability of the confidence set and the
magnitude of R(M(S, U, L) in three regions depending on the value of a/o. In particular, case (1) is
inherited from Corollary 2. To understand case (2), we can first pick a sequence A, that diverges to
infinity sufficiently slow (e.g. slower than s), and then set W, = A;/ 2. The condition (3.3) holds. Thus,
in case (2), m cannot be smaller than o ( % — 0(1))+/2logd in order to guarantee the desired coverage
probability. Similarly, when the minimum SNR a/o grows fast enough as in case (3), m cannot be
smaller than o (3 — o(1))+/2Togs

Finally, we prove the optimality of the sparse confidence set 1\_/Ia, in Corollary 5. Consider the class
of one-sided confidence sets for which the coverage probability is no smaller than 1 — « uniformly over
®7 (s, a), defined as

M, ={M(S,U,L) € CI :liminf inf Py € M(S,U,L)) >1—a, andS € .Z(8)}. (3.4

d,s—00 0O (s,a)

Recall that Corollary 5 implies Il_/la, € . In the following corollary, we establish the optimality of

M, within the class .. " with respect to the criterion function R(M, ®™ (s, a)) defined in (1.7).

COROLLARY 8. Assume that d,s — oo and §, o are pre-specified fixed constants.
(). If «** < afo < /2log(d/A; — 1) for some sequence A; < s satisfying A; — oo and
d/A; — oo, then
RM, O™ (s,
liminf inf (.9)

_— 3.5
d,s—>00 Me M, U«/ZlOgd/Q. - (3-5)

Consider the sparse confidence set Ma/ in Corollary 5 with &’ = y« for any constant 0 < y <
1. Then M, € .# and

. R(Ma”®+(sv a))
lim sup ——————————

3.6
d.s—>00 o+/2logd (36)

(). Ifa/o > i where & = /2log(d — s) — loglog(d — s) + C’ + /2logs — loglogs + C' Vv &,
for some sufficiently large positive constant C’ and &, = \/ (loglog(d — s) — loglogs) ., then

RM, 0% (s,a))

liminf inf ————— 3.7
d.s—00 Me M, o+/2logs/2 G7)
The sparse confidence set Ma/ satisfies Ma/ € ./, and
R(M,,,©" (s,
lim sup M < (3.8)

d.s—>00 o+/2logs

ReEMARK 3. The inequalities (3.5) and (3.7) together lead to the asymptotic lower bound for
R(M,®7(s,a)) over the class of one-sided confidence sets .Z . in two different regimes. Furthermore,
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14 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

(3.6) and (3.8) imply that the sparse confidence set 1\_/10/ developed in Corollary 5 matches the lower
bounds up to a constant factor 2 in both regimes.

However, we note that there exists a gap on the minimum SNR between these two regimes. Let
us consider the following setting. By taking A, to be a sequence that diverges to infinity sufficiently
slow, we have \/21log(d/A, — 1) ~ /2Togd in case (1). For case (2), assume that s = d@# for some
0 < B < ¢ < 1, where c is a constant. Then log(d — s) = Blogd + log(d'# — 1) = (1 + o(1)) logd,
and log s = S logd. After some algebra, it can be shown that « in case (2) satisfies

< lim ——— <1482, (3.9)
T d—oo y/2logd

Thus, the ratio between the two cut-points ¥ in case (2) and /2 log(d/A,; — 1) in case (1) converges to
1 as B — 0, which occurs if 6 is very sparse with s = logd (i.e. 8 = loglogd/logd). In this case, the
gap between the two regimes diminishes to 0 asymptotically.

REMARK 4. (Support recovery and oracle confidence set). Recall that if we know the support of 6, we
can construct the following one-sided oracle confidence interval L?’“Cle = X; — od (1 - %))y and

U}’mde = oo forj € supp(#) and L?”‘”l" = U;?”‘”l" = 0 otherwise. This implies Eq (6, — L‘]’.’“Cl") ~
o+/2logs for j € supp(f). Intuitively, if the support set can be recovered exactly with high probability,
i.e. S = supp(#) for some estimator S, one would expect that (under some conditions) the same result

holds for the plug-in interval

[(X- —od! (1 - i)) ,+oo) for j € S and 0 otherwise. (3.10)
! IS1// +

However, in the following text, we will show that the construction of oracle intervals (i.e. support
recovery) is impossible even if the SNR satisfies the condition in case (2). In a recent work, [10]
established sufficient and necessary conditions for exact (and almost full) support recovery under the
Gaussian mean model. Using their notation, define the expected Hamming loss for variable selection as
Egll7 — nll;, where n = (n,, ..., n,) with nj = 1(6; # 0) denotes the sparsity pattern of 6 and 7 is an
estimator of 1. Consider the setting a/oc = k as in case (2). Theorem 4.2 (ii) of [10] implies that, for d
large enough,

w
inf sup Eyll7p—nll; > s®(—A), where A =
n 0e®+I()s,a) b : 2\/2 log(d —s) —2logs+ W

and W = 4logs + 2,/(2log(d — s) — loglog(d — s) + C')(2logs — loglog s + C’) with C’ given in
case (2). To simplify the expression of s®(—A), we consider the very sparse case with s = logd. After
some calculation, we can show that for d sufficiently large,

JIogsexp(—C/2) N \/I exp(—C/2)
T 3

>0,

2
d(—A) > s®(—/2logs —loglogs + C >Jj
s®(—A) > sd(—/2logs glogs +C) = 7 34/2Togs — loglogs + C

where C is a constant. The above derivation shows that, when a/o = i satisfies the SNR condition in
case (2), it is impossible to recover the support of # no matter what estimators to use. Since the support
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Y. NING AND G. CHENG 15

recovery is impossible in this case, the plug-in interval (3.10) may not guarantee the desired coverage
probability.

4. Adaptive Sparse Confidence Sets

In this section, we consider how to construct optimal sparse confidence sets which are adaptive to the
unknown sparsity s. In particular, we will show that adaptation is feasible when the SNR satisfies the
following condition:

a. a/o > /2log(d —s) — loglog(d — s) + C'+,/2log s — loglog s 4+ C' V&, for some sufficiently
large positive constant C" and &, = ,/(2loglog(d — 5) — loglogs) , .

Note that (B) is slightly different from the case (2) in Corollary 8, where the quantity &, is replaced
with éd. Again, from the derivation in Remark 4, under the SNR condition in (B), it is impossible to
recover the support of # no matter what estimators to use. Thus, inference after variable selection (e.g.
hard thresholding) is still infeasible.

While Corollary 8 part (2) implies that Ma, has the desired coverage probability and is asymptot-
ically optimal, the construction of 1\_/Ia, with u,, given by (2.16) requires the knowledge of unknown
sparsity s and therefore is not adaptive. In the following text, we propose to construct an adaptive sparse
confidence set under condition (B). Define

54 = {j €ldl:X;/o > 2@(#)},

(a — a’)Cd’a_a,

where Cd,a/ =2,/7 log(é). Consider a grid of points {1, 2, 22 ., 2T}, where T is the largest integer

such that 27 < d. Define § = 2™, where it = {m € [T] : 2"~! < |§%/| < 2™}. Finally, define the
adaptive sparse confidence set as
]l?gfl = M(Sg‘,l, /ﬁ,z@), wherezﬁz X —ugy50) 4, /Uj = 400 4.1

forj e S‘Z‘,’ and /L\j’? = /ljj = 0 otherwise, and

45
wa= foe(—E )
(Ol — )CZ?,thu/

It is seen that the construction of the adaptive interval A/Zglfi is similar to M

/- but there are several key
differences. First, we use a slightly different cut-off for X j /o in Sgii. When 2s < d and s,d — 00, both
the cut-offs in S’Zf and S’a, are asymptotically equivalent to ,/2logd. Second, we replace the unknown
sparsity s in i, in (2.16) with 25, where 5 can be viewed as the rounding of the cardinality of the
set Sg‘,i to the grid {1,2,2, ...,27}. The intuition is as follows. While the asymptotic exact recovery of
the support set of @ is infeasible under (B) (see Remark 4), S‘Z‘,i is still a reasonable approximation of
the unknown support set. In particular, we prove that the cardinality of S'gf is of an order s with high
probability. We further round |S‘gf,1| to the grid in order to rigorously control E, (6 - L jf) when |§Z§l| is
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16 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

too large. The rounding step is similar to the peeling method in the empirical process [20, 28] and has
been used in the Lepski’s method for adaptive estimation [9, 22, 23].
The following theorem presents the main result in this section.

THEOREM 9. Assume that 2s < d, 5,d — oo and 8§ and « are fixed. Let @’ = y« for any constant 0 <
y < 1. The adaptive sparse confidence set MZ‘,i satisfies liminf, ;_, . infy g+ (54 Py(0 € MZ‘,i) >1—a,

5 e Z(8) and

 RMY, 0" (s,a)
limsup—%——— <

d.s— 00 o+/2logs

where s, a satisfy the condition (B).

Thus, the upper bound of R(Mg‘/i,
confidence set M » as shown in Corollary 8 part (2) and minimax optimal up to a constant. We note
that when constructing M“?i, we borrow information from all the data to define L~ i and therefore
MZ?’ ¢ CI, . In Appendix C, we extend our minimax results to a broader class of non-separable sparse
confidence sets.

Empirically, the adaptive sparse confidence set Mg‘f (with a given o) is fully data dependent and
can be easily computed. The simulation studies in Section 6 demonstrate the favourable finite sample
performance of this adaptive approach compared with several competing methods. Finally, we note
that, as seen in the simulations, when the condition (B) fails (e.g. a/o is small), the adaptive sparse

confidence set 1\//\[3‘,’ may not have the desired coverage probability.

®T(s,a)) is asymptotically identical to the ‘non-adaptive’

5. Extension to Two-sided Sparse Confidence Sets

In this section, we consider @ € O (s, a), where

O(sa) = (0 € R : |0llp < 5, min 16| = a > 0)

is a two-sided sparse set. The goal is to generalize the results in Sections 2 and 3 to two-sided sparse
confidence intervals for 6 in © (s, a). To this end, consider the following estimator of the support set,

! 146
575 = {j eld:IX,l/o = (q>‘(“—) —i—a/o) Vol (L) } (5.1)
2s 4 2
where ' is the tolerance level. Similarly, we require |X jl/o = ®~1((14-8)/2) to guarantee the resulting

confidence interval is sparse, i.e. §§§ € F(8), where .%(8) is defined in (2.1). Similar to Theorems 1
and 3, we can establish the upper and lower bounds of the non-coverage probability Py (supp(§) & :§)
over the set ® (s, a). The detailed results are shown in Appendix A.

Given the index set 3’(? , we define the two-sided sparse confidence set for @ € ©(s,a) as

, ) where L ATS =X; AT,SG UjTS =X; +’IZ§,S0
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Y. NING AND G. CHENG 17

foranyje S ATS and
s q)—l(l_a;da/) 1f¢*§ g <¢)*V[— I(Dt )_ —1(%)],
u, = ’
a ! (1 _a—a —2(51;—5)(1—77)) ifg > ¢* V. [ l(ol ) _ _I(Z):I’

where n = ®(a/o + @1 (a’/(2s))). We can prove that MSS satisfies the conditions (1.5) and (1.6),

sup  Pp(jeSI)<1-8,  sup Py ¢ M) <a.
0€0(s,a),0;=0 0O (s,a)

We also establish the optimality theory for the proposed two-sided sparse confidence sets in terms of
the length of confidence intervals

sup sup Ey(U; — Ly).
1<j<d 00O (s,a)

Due to space constraint, we defer the detailed results to Appendix A.

6. Numerical Results

In this section, we conduct simulation studies to evaluate the performance of the proposed sparse
confidence sets and compare with several existing methods in terms of coverage probability, interval
length and support recovery (sparsity). The sensitivity to the choice of o is also examined empirically.

We generate X from the normal mean model with d = 1000, = 1 and § = (a, ..., a, 0, ...,0), where
the first s = 100 entries equal a, which is also the SNR, and the rest are 0. We set « = 0.05, 8 = 0.7
and vary the value of SNR in the simulations. Recall that the proposed one-sided sparse confidence set
M , in (2.8) and the asymptotic version M , in (2.14) depend on the choice of «’. For simplicity, we
set @’ = /2 in view of Remark 2. The sensitivity analysis of &’ and further discussions will be shown
subsequently.

We compare the sparse confidence set Ma/ in (2.8), Ma/ in (2.14) and the adaptive version Mgfl in
(4.1) with the following three methods: Bonferroni confidence interval (2.10), oracle interval (2.13)
assuming the support of 6 is known and the plug-in interval (3.10), where j € S if and only if
X;/o > (2logd)'/?. Provided the SNR is sufficiently large, the threshold (2logd)'/ guarantees
the exact support recovery as shown by [10]. The simulation was repeated 500 times. We report the
empirical coverage probability of the above confidence sets for @ and the average distance (0 i — L)
over j € supp(f) (which can be viewed as a version of interval length for one-sided intervals). For
J ¢ supp(#), we often observe that the lower confidence bound is 0 and Gj — Lj =6 ;- Hence, it is not
very informative to look at the average distance (6; — L;) over j ¢ supp(f), and thus we do not report
these results.

Figure I shows the coverage probability and the average distance (6; — L;) of the proposed sparse
confidence set 1\710[, (hat M), ]\_/Ia, (bar M), oracle interval (oracle), plug-in interval (plug-in), Bonferroni
confidence interval (Bonferroni) and our adaptive interval (adaptive) over 500 simulations. It is seen
from the left panel that when SNR is small the sparse confidence sets (Ma/, A_/Ia/ and A//\Igﬁi) all have
considerably low coverage probability. This agrees with the minimax lower bound in Theorem 1, i.e.
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FiG. 1. Coverage probability and the average distance (6; — L) over 500 simulations.

construction of sparse confidence sets is impossible if the SNR is too small. Provided the SNR exceeds 4,
all three versions of sparse confidence sets have very similar performance and their coverage probability
becomes very close to the desired level. It is of interest to mention that the coverage probability of the
plug-in intervals is only around 0.9 even if the SNR is sufficiently large. This is because in finite sample
the setSmay still miss one or two non-zero signals so that the resulting confidence intervals fail to cover
the target parameter .

From the right panel, we can see that when the SNR is moderate (say between 4 and 7) the average
distance of our sparse confidence sets is comparable with the Bonferroni confidence interval, which is
consistent with part (1) of Corollary 8. Once SNR exceeds 7, our sparse confidence sets have a smaller
distance and outperform the Bonferroni confidence interval; see part (2) of Corollary 8. Among these
three versions of sparse confidence sets, ZVIZ?’ is the most conservative one (with the largest average
distance (6; — L;)). This can be viewed as the price to pay for not knowing the sparsity s when
constructing the sparse confidence sets.

To better understand the sparsity of the proposed sparse confidence set, we can take a closer look
at the estimators of the > support set, that is Sg( in (2.5), S ,in (2.14) and S for the plug-in interval. In
particular, we plot log |S /|, log |S,,| and log [S] in Fig. 2. When the SNR is relatively small, S , reduces
to{jeld]:X; jlo = @~ 1(8)}. This explains why the curve for S (and similarly S /) is horlzontal for
small SNR. As SNR further grows, it becomes easier to separate the non-zero 51gnals from the rest, and
therefore, the size of S and S decreases and eventually reduces to the true sparsity level. In contrast,
the set S for support recovery has s completely different behaviours. When the SNR is small, very few
non-zero 6 ; can be identified via S as X i~ N (] It 1) tends to be below the threshold (2 log d)l/ 2. This
explains why the coverage probability of the plug-in interval is much lower than the desired level as
seen in the left panel of Fig. 1.

Finally, we analyse how sensitive the coverage probability and the average distance (6; — L) of
proposed sparse confidence set Ma, (hat M), Il_/Ia, (bar M) is to the choice of o’. Figure 3 illustrates
the results in two cases: SNR = 3.8 (moderate SNR) and SNR = 9 (high SNR). In panels (a) and (b),
when we increase o/, the coverage probability becomes closer to the desired level, with the price that the
average distance (6; — L;) is slightly inflated. For the case where the SNR is sufficiently large (panels
(¢) and (d)), the coverage probability is less dependent on &', whereas the average distance tends to be
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log sparsity of the selcted set
4
|

SNR

FIG. 2. Plot of log |§a/ |, log |3‘a/\ and log \§| averaged over 500 simulations.

much larger when o' is close to @ = 0.05. While the effect of o’ is asymptotically ignorable as seen
in Remark 2, in finite sample o’ influences both the coverage probability and the distance (6 ;—Lj) of
the proposed sparse confidence sets. As seen in Fig. 3, it seems they are not very sensitive to the choice
of o’. For this reason, we simply take ' = «/2 in the previous simulations, leading to satisfactory
numerical results.

7. Discussion

In this work, we propose a new framework to construct sparse confidence sets for the parameter 6 in
the normal mean model. We first study the existence of such sparse confidence sets by establishing a
non-asymptotic minimax lower bound for the non-coverage probability over a suitable class of sparse
confidence sets. We further propose a two-step procedure to construct the sparse confidence set, and
show that the resulting confidence set attains the minimax lower bound of the maximum expected length
of confidence intervals up to a constant factor. Our optimality property is studied in the asymptotic
regime as d,s — 00, and we treat the TNR level § as a fixed parameter pre-specified by the users. If
a high TNR level is desirable (e.g. § = 0.999), the asymptotic analysis can be conducted by further
assuming § — 1. However, as § — 1, Theorem | implies that we have to require stronger minimum
signal strength conditions to construct sparse confidence sets. When these conditions are not satisfied,
the proposed confidence sets may not have the correct coverage probability.

One future research question is to study how to construct sparse confidence balls, which can be
defined as M(S,U,R) = {# € R? : 0gc =0 and |05 — Ull, < R}, where S C [d] is the selected set,
U is the centre of the ball in RIS! and R is the radius. In this case, it may be more appropriate to define
the optimal sparse confidence ball based on the volume of the region. It is of interest to establish the
minimax properties of sparse confidence balls. Another direction is to extend the minimax results to
general Gaussian model X ~ N(@, X) for some non-diagonal matrix X. We show in Appendix C that
the proposed sparse confidence sets still satisfy the desired conditions (1.5) and (1.6) under this more
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FiG. 3. Sensitivity analysis of coverage probability and the average distance (¢ — L) with respect to o' (alpha_p).

general model. However, the lower bound results in this work are valid only when the entries of X are
independent. A rigorous minimax analysis is needed to close this gap.
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A. Extension to Two-sided Sparse Confidence Sets

In this section, we assume that § € O (s, a), where

O(s,a) =1{0 € RY - ey < S,;gi;;() |9j| >a > 0}.

The goal is to generalize the results in Sections 2 and 3 to two-sided sparse confidence intervals for € in
O (s, a). To this end, consider the following estimator of the support set:

SIS =1jeld: Xl/o = (qu (;—s) +a/0> v o! (#)} (A.1)
+

where ' is the tolerance level. Similarly, we require |X jl/o = ®~1((14-8)/2) to guarantee the resulting

confidence interval is sparse, i.e. Eg;g € F(5), where F () is defined in (2.1).
The following theorem, which is parallel to Theorems 1 and 3, establishes the upper and lower
bounds of the non-coverage probability Py (supp(8) Z S) under O (s, a).

THEOREM 10.

(1) Foranys>1and0 < § < 1, we have

—~ 1
inf  sup Py(supp(@) £ S) > 1

_ - (A.2)
SeF(5) 00 (s.a) (Apg + 1)?
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where Az = (@71(142) + &) — o (-0~ (1f2) + 9).

(2) Assume that s,d — oo. Let ¢, be a sequence satisfying ¢, — oo and ¢,/s — 0. Assume that
8 > c for some constant ¢ > 0. If

146 C.
e | Y St N )
ajo < ¢, 1= d ( : ) @ (S) (A.3)
we have
liminf inf  sup Py(supp(@) £ §) =1. (A4)

d,s—>00 S F(8) 0O (s,a)

(3) Forany 0 < o’ < 1, it holds that /.S:Z,S € F(6). In addition, if

S+1 !
G pr=at (Z20) o (A.5)
o 2 2s
holds, then
sup Py(supp(@) £ ST5) < o', (A.6)

00O (s,a)

Note that in part (2), we require § to be bounded away from 0 by a constant. To see the reason,
consider the extreme case § = 0, which further implies A¢ = 0. In this case, the lower bound in (A.2)
becomes 0, which is no longer informative.

In view of (A.3) and (A.5), we observe a similar phase transition phenomenon under the parameter
space ©(s,a); see Remark 1 for details.

Given the index set §§,S , we define the two-sided sparse confidence set for € ©(s,a) as

= =TS =TS ~ 5 ~
MD =MEF U L"), where LS =X, — o, U =X, +iulo

foranyj e /SZ, and

s | o7 (1-5) g <2 <¢"v[ -0l -0 (%)
Uy = iy a=a'22d=)0-1) i a < ko[ d—lia—a'y _ g—1 d
o 1 — 1f(7 > ¢* Vv O ( 5 o (2X) R

where n = ®(a/o + @7 '(@'/(25))).
The following theorem shows that M(? satisfies the conditions (1.5) and (1.6).

THEOREM 11. For any given level 0 < &’ < «, provided (A.5) holds, we have
sup Po(j€§§§)§ 1-34, sup P0(0¢A7I§/S) <a.
0e€0(s,a),0;=0 0O (s,a)

We can develop a similar framework as in Section 3 to study the optimality of the two-sided sparse
confidence intervals. To this end, define the class of two-sided confidence sets as

Cl ={M(S,U,L) : Lj, Uj- only depend on Xj, Lj < Uj, and forj ¢ S, Lj = Uj = 0}.
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To evaluate the optimality, it boils down to investigate the trade-off between the length of the interval
M@S,U,L) € Cl, i.e. SUP| <j<y Eqo(U i L j), and its coverage probability. Define

M(m, 8) = {M(S, UL eCl: sup sup Eg(U;—L)<m, and§ e ]-"(5)},
1<j<d 00O (s,a)

to be the class of confidence sets such that the length is no greater than m uniformly over 1 <j < d and
0 € O(s,a) and S € F(§) holds as defined in (2.1).

The following theorem, parallel to Theorem 6, provides the lower bound for the non-coverage
probability of M € M(m,9).

THEOREM 12. (Minimax lower bound). For any s > 1 and M € M (m, §), it holds that

1
sup P0(0¢M)zmax( sup Gyg(d, A, p,m), sup GTS(S,B,p,m),l——), (A7)
06 (s,a) p>a,A<s 0>0,B<s (Agg + 1)*

where Ay is defined in Theorem 10,

Algrs(d, A, p) —m/p],

Grg(d, A, p,m) = i
s 1 +A[gTS(d,A,p) — }’f’l/p]+
with
_2d—A) 0 o
g15(d A p) = =———@(=D) + cp(; +D) _ @(; _D),
and

d—A 2
D= g cosh™! exp(p—) ,
P A 202

and G4(s, B, p,m) is defined similarly. Note that cosh(x) = exp(x)/2 + exp(—x)/2 and cosh™! is the
inverse function of cosh(x) on R*.

In practice, we usually pre-specify the coverage probability of the confidence set. Define

M={M(S,U,L) € CI : liminf inf )IP’o(0 eM(S,U,L)) > 1 —a, and S € F(5)}

d,s—00 00O (s,a

to be the two-sided sparse confidence sets with coverage probability no smaller than 1 — . We
can similarly invert Theorem 12 to derive the lower bound for the length of confidence intervals
sup i< Eg(U; — Lj) of M € M. To match the lower bound, we consider the asymptotic version

of M§§ . Define

146 2s
¢ =o' (——) + |2log ,
2 Czs,a/a/
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- 4(d — 2
¢ = |2log /( S + |2log i - )
(@ = NCoyg oo Cosar®

where C ,, = 2(r log(s/a’))!/?. Define

and

M = MG, 07 L"), where LT = X, — S0, U = X, + il’o (A.8)

forj e S’Zé;q , where S'g,s and ﬁg,s are given as follows:

o When ¢*™* < a/o < ¢, definej € S if and only if |X /0| = ®~'((6 + 1)/2), and

715 2d
u, = [2log — (A.9)
(@ —o)Coyp—w
n " . oIS - . - 4(d—s)
e Whena/o > ¢, definej € S/ if and only if |X /0| = 210g(—(a7a/)cz(d : -), and
4s
=TS
s = [2log (—) (A.10)
o \/ (a — a’)Czw_a/

Similar to Corollary 5, we can show that
lim sup sup Py(j e Sg/s) <1-—34, limsup sup Py(0 ¢ 1\_457?) <a.
d,s—00 0e®(s,a),0;=0 d,s—00 0€0O(s,a)

Finally, in the following corollary, we establish the optimality of M7 within the class M.

COROLLARY 13. Assume thatd,s — oo and 0 < §,a < 1 are fixed.

(1). If ¢ < a/o < ,/2log(d/A; — 1) for some sequence A; < s satisfying A, — oo and
d/A,; — oo, then

su . su ]E U — L.
liminf inf S Pizizd SWPocoGa B (U~ L))
d,s—00 Me M o+/2logd/2

For MZ,S with ¢’ = y« for any constant 0 < y < 1, we have MZ,S € M and

> 1. (A.11)

SUP| <y SUPg oo B (UL — LT5)
lim sup — =47 70<OC) 0177 T Ty (A.12)

d.s—00 204/2logd -

(). Ifajo > ,/2log(d — 5) — loglog(d — 5) + C'+,/2logs — loglog s + C’ for some sufficiently
large positive constant C’, then

su ., su E (U—L)
liminf inf - Pizj=dSUPscoa B0V T 5

d,s—00 MeM o4/2logs/2

> 1. (A.13)
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The sparse confidence set Mg,s satisfies ]\_/IZ,S € M and

SUP| <i<z SUPgc@ Eo(UTS — LT5)
lim sup =406 70T T 7y (A.14)
d,s— o0 20\/210gs
B. Proof

Note that, for notational simplicity, the constant C may differ from line to line in the proof. For a set S,
we use 0 to be the subvector of § with index belonging to S. Under the separable rule, sometimes we
simply use the notation IP’gj to denote the probability under 6.

B.1  Proof of Theorem 1
Denote 3O (s,a) = {# e R? : 01lg = s,6; = afor V], 0; # 0}. We know that

sup Py(supp(8) ) > sup  Py(supp(®) S) =1— inf P,(supp(®) CS). (BI)
0€O7 (s,a) 0€d0* (s,a) 0€d0* (s,a)

Since supp() < S is equivalent to the factj € S for any j € supp(), we have Py (supp(f) < S =
Pg (M jesuppo){J € SH=T1 jesupp(@) Po,(J € S), where the last step follows from the definition of the set
F(8). For notational simplicity, we denote S = supp(f). We have

-~ 1 -~
sup PpSZS=—— D PySLY)

+
IO (s.0) 1007 (s, a)] 0cIO (s,0)

1 —~
> PyUjesti 5D

= +—
1007 (s, )| 03Ot (s,0)

1 P o
=merea 2 (XP,Gied ] Pyed
77 9ed0t(s,a) 1€ Jj#hes
+ > Py Gr€9P, b 2D [ Pied+..+][PyGi¢9)
J1F#j2€8 J#j1J2€S jes
t

= etoal o (Do, Gi gD+ D Py Gi ¢ Py, (2 ¢9)
77 9ed@t(s,a) i€ J1#)2€S
o [TP, G £9), (B2)
jes

where t = infgy0t (0 [1jes Py (j € S). Define u = P,(j¢ S), where [P, denotes the probability of
Xj ~ N(a, 02). Note that [0 (s, a)| = (?) Consider the kth term in (B.2) (1 <k <'s),

k
t o
10©F(s,a)| Z Z H Py, Um £ 5)

0Ot (s,a) j1Fj2.-AjkeS m=1

O
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Thus, by taking the infimum, (B.2) reduces to

N
_inf  sup Pp(SZS) > inf tz (S)uk = inf (1 +u)*—1]. (B.3)
SeF(©) eaot(s.a) SeF) = \k SeF@©)

Next, we consider the infimum of (1 + u)® over all possible§ € F(8). Then

inf 1+P,(j¢9) =1+ _inf P,(j¢9))"
SeF(8) SeF(8)

Since j € S only depends on X, we can denote j € s by T(X;) = 1 for some function 7(-). Then
Neyman-Pearson lemma implies that the infimum of P, (T (X j) = 0) over all possible T'(-) such that

IP’O(T(XJ.) = 1) < 1 — § is attained by the likelihood ratio test of X~ N(0, 02) versus X; ~ N(a, o).
After some simple calculation, we find that the optimal 7'(X j) is

¢(X; —a) 2

a . _ a
T, (X)) = I(gb(—Xj) > c), where ¢ = exp {;(I) L) — P}

and ¢ (-) is the pdf of the standard normal distribution. With this Top[(X j), infg, F©) P,(j ¢ §) = A,
where A = &(®1(5) — (%). Plugging into (B.3), we obtain

_inf  sup  Py(supp(d) £8) = f[(1+ A) —1].
SeF(8) 90cdO*(s,a)

As infgc r(5) SUPgeyo+ (s,0) P (SUPP(0) & $) > 1 — tholds by (B.1), optimizing over ¢ we obtain

_inf  sup Py(supp@) £8) >1— ——.
Sef(8)0e®+l()s,a) oLouPP (A+ 1)

This completes the proof of (2.2). By (2.3), A > ¢,/s. When ¢;/s — 0,log(1 +¢,/s) > (1 —€)c,/s for
some constant 0 < € < 1. Thus,

(A 4+ 1) = exp(slog(l + A)) > exp(slog(l + ¢,/s)) > exp((1 — €)c,) — o0,

as ¢, — oo and ¢,/s — 0. Clearly, (2.4) follows from the non-asymptotic bound (2.2).

B.2  Proof of Theorem 3
To show §a, € F(8), notice that

Py(jeS,) = PO(X,/(; > max(<b*‘(%) +a/o, qr‘(a))) <PyX;/o = ') =1 -3.
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The event supp(f) £ §a, is equivalent to that there exists j € [d] such thatj € supp(f) and j ¢ §a,. Then

Py (supp(8) £ S,) = Py(Fj € [d].j € supp(8),j & S,,/)
> Py 50

0,0

IA

/!
= > P <007 (D) +a),
j:@ﬂéo §
where the last line follows from the condition that a > o (®~1(8) — &~! (a’/s)). Since Xj ~ N(Qj, o),
we have P(X; <1) = CID(t_Tej). Plugging into the above expression, we obtain

a—0. a/
J l
)= 10llp— =«
o N

Py(supp(® £ 5,) < > (@ '(5) +
620 g

as 0; = afor 0; # 0. This completes the proof of Theorem 3.

B.3  Proof of Theorem 4

We first note that supg g+ (s 4),0,=0 P (J € Ea,) < 1 — 6 holds by Theorem 3. In the following text, we
bound Py (0 ¢ Ma/) by intersecting with the event supp(6) < §a/,

Py(0 ¢ M) <Py ¢ M, supp(®) CS,,) + Py(supp(8) Z S,
=Py(Fj €5,.0; <L, supp(6) SS,) + Py(supp(®) S,
<Py €5,.0; <L;) +Py(supp(®) £ 5,). (B.4)

By Theorem 3 and a/o > k*, Py (supp(0) £ §a/) < o'. The first term can be further bounded as

Py(Fj €S,.0, <L) (B.5)
< Py(3j € supp(8).6; < L) + Py(Fj € S, \supp(6).6; <L) :=1I, +1,. (B.6)

Write u foru,,. For I}, by noting that 6; < max(X;—uo,0) implies Z; > u where Z; = XJ;Qf ~ N(0, 1),
we have

L= > Pyz;>u)=s—dw). (B.7)
jesupp(6)

To bound /,, noting that j ¢ supp(@) implying 6; = 0, we have

/ /!
_ . -1 o a -1 o a
=P ¢ supp®).7 2 7Sy + L7250 < _¢su§pp(a) e R )
J
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Y. NING AND G. CHENG 29

To bound the last probability, we now consider the following two cases.
(1). When a/o € R;, by setting u = o1 — #=), we can easily verify that Cb’l(‘f‘—;) + % <u
Thus, I, < (d —s)(1 — ®(u)). Together with (B.4), (B.6), (B.7), we have

Py@ ¢ M) <d(1 — () +o =a.

(2). Whena/o € Ry, by settingu = &~! (l—w), we can easily verify that &~ (%’)—}—

£ > . Thus, it implies I, < (d — s)(1 — 1), and finally we have

Py ¢ M,) < (d—s5)(1 —nh) +s(1 —Dw) +o =a.

B.4 Proof of Corollary 5

When a/o < k, it holds that

sup Py(jeS,) = Py_o(X;/0 = ') =1-3,
0O (s,0),0,=0

and when a/o > k we have

2(d —5)
- a/)cd—s,a —a’

sup Py(jeS,) = Pe_,:o(xj/f’ > \/2108((0[ )) <1-34.

00+ (5,a).6/=0

So, it also holds that SUPpc @+ (s.a),0,=0 Py(j e S'a/) <1-6.
In the following text, we first focus on the case a/o < k. Note that

Py(supp(8) £ 5,) < D Py (X; <0®'(9)

J6;70

X; =0, oo (§)—a

= D P = )
040

X. —0.
< > By (F = 20e ).
J o C, o
J:6;#0 s,

where the last step follows from a/o > ®~1(8) + /2 log(ﬁ). By the tail probability in Lemma 16,

it yields forany 0 < o’ <

lim  sup Py(supp(d) Z S,) — o

d,5—>00 g @+ (5,a)

. 2 1 s ,
< lim s ——exp(—log(—/)) -«
ds—oo VT ) /210g(c S Coo

2 a'C.
= lim ,/=———22 —d =0. (B.8)
ds=o0 V.2 [2log(&=

€202 Iudy Z0 uo Josn Aeiqr AusIaAlun (U109 Ad 906080./S00PEEY/IEIEWIEE0L "0 /I0P/2[0IE-80UBADE/IeleWI/ W0 dNO"dIWspeoe)/:Sdjjy Wo) paPEojUMOQ



30 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

By the proof of Theorem 4, we can similarly show that

Py(0 ¢ M) < d(1 - @(\/Mog( ))) + Po(supp(®) £ 5,.). (B.9)

((X — O/)Cd,a_a/

By taking the limit d, s — o0, similar to (B.8), the tail bound in Lemma 16 implies

lim sup Pp(@ ¢ M,) <(a—o)+d =a.
d,5—>00 9 @+ (5,a)

When a/o > k, it is easily seen that

] 2d -
P, (supp(8) Z 5,,) < Z IP’QJ_(XJ./U < \/210g((a d—s) ))

o
jZ@j;ﬁO o )Cdfs,otfo/

X, -0, 5
i— i
<> By, (L = /210g(cm/a/)). (B.10)
070 X

As aresult, (B.8) still holds. In the following text, we consider two cases separately.
Case (1) d > 2s. Recall the way of controlling the term I, in the proof of Theorem 4. In this case, j
is selected if Z =t where

t:\/Zlog(( =9

o — a/)cd—s a—a’

With the monotonicity of the function log x — % log log x, this term is no smaller than u, as d — s > .
Thus, we can show that by the proof of Theorem 4,

Py(0 ¢ M) < s(1 — () + Z Py(X;/0 = 1) + Py(supp(d) Z S,

Jgsupp(9)
2s -
=s(l—-d( [2log(——— d—s)(1 —o( P 0) ZS,).
s( (/ o8 G anc o)) @91 = ©0) + Pysupp®) £ 5,)
Similar to (B.8),
. _ o—ao
lim s(1 — ®(,)) —
15— 00 2
2 1 2 —a'
= lim s,/ — > exp(—log(c > /))_otzot =0,
ds=0e V72 [ log(e—2—) sa—a (@ =)
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and

2

lim (d=s)(1 = () - ¢

2(d — s) a—a
= lim (d—s)\/7 — exp(—log(c - ))— 5 =0.
dys—00 2\/210g( B d—sa—a (@ = ')

d s,o—o

We obtain ) )
lim  sup Py(0 ¢ M,) < Y LY Y —a
d.s=00 gt (s.0) 2

Case (2) d < 2s. Unlike the previous case, we now have ¢ < u,,. Thus,

Py(8 ¢ M,) < d(1 — @(it,)) + Py(supp(®) Z S,,)

=d(1- <I>(/2 log(ﬁ))) + Py (supp() Z 5,,).

Note that
lim d(1— ®(,)) — (@ —a)
d,s— o0

d 2 Cggla—d
= Iim —f e @Z9) (o) <,
ds—o0 28 2\/210g(c,—(a0/))

where we use d < 2s in the last step. This implies lim; ;_, o, SUPgcg+(5.q) Pp (0 ¢ M,) < a.

B.5 Proof of Theorem 6

Define @(A) = {# € RY : 01y =A,0;, = p, for anyt; # 0}, where 0 < A < s and p is an arbitrary
positive quantity that is p > a. Then, ®(A) is contained in the parameter space ®* (s, a). For any M in
M 4+ (m, ), we use CI jto denote the confidence interval for 9. i Following the similar arguments in the
proof of Theorem 1, we have

d\ !
sup Py (0 ¢M>z(A) IR ACES)

0O (s,a) beon)
d —1 d
0c®A) j=1 J#i

 IDIEROPIR

) j=10eO(4)

d
S( > mOgcp+ X Bpéc)

j=1 0€0(A),0;=0 0cO(A).0,=p

d
d—A A
ZfZ( p Po(0¢Clj)+3Pp(p¢CIj)), (B.11)
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32 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

where 7 = infy g4, H?:l IPy,(0; € CI}). Furthermore, we can control the last term in (B.11) as follows:
P(p¢Cl) =P, (L;>p)=P,(L;=0)+[P,(L; > p) —P,(L; =0)]. (B.12)

Since M € M (m,5) implies sup;_;_; SUPgces,a) Eg(0; — L;) < m, by taking 6; = p we have
p—m=< IEpLj < pP,(0 < Li<p)+ 2pP,(p < L; < 2p) —}—EpLjI(Lj > 2p)

=pP,0<L;<p)+20P,(p <Ly +E, (L; —2p)I(L; > 2p).

Then, we can plugP,(0 < L; < p) =1-P,(L; =0) —P,(L; > p) into the above display, which can
reduce to

m+E,(L; —2p)I(L; > 2p)

Py(L;>p)—P,(L;=0)= - ;

(B.13)

Our next step is to upper bound E oL — 20)1 L; > 20). Recall that we assume L; <X whenever
X [ 0. Thus,

E,(L; —2p)I(L; > 2p) <E,(X; V0 —2p)[(X;V 0> 2p)

—E,(X; - 20)I(X; > 20) = cENIN > 2) — pP(N > 2),
o o

where N ~ N(0, 1). By the tail bound in Lemma 16 and some simple algebra,

1 I p, \/7 I po, 0
E,(L; = 20)I(L; > 20) = /50 exp (= 3(5?) = [ Zexp (= 55 )B—p

Lt Ja+ 5
1 1 p N\NVI+4/p)2 -1
=50 e (- 5(5)?) / =
2 20 J/1+4(/p)?+1
Combining with (B.11), (B.12) and (B.13), we have shown that
d—A A m+R
sup Py(0 ¢ M) zt{ P,(0 ¢ CI)+ =P (0 e CI) —A—}
0Ot (s,a) E( d 0 / d’ J) 1Y
d—A m+ R
>A{'f E (1 — T ET——}.
=t Telﬁ),l}( 4 ol )+, ) 0

Here, T denotes an arbitrary test function from R to {0, 1}. By the Neyman—Pearson lemma, the optimal
test function is given by

2 N
+ % tog(? A)).

T, (x) = I(x < ;

D
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With the optimal test function, lower bound reduces to

m+R
sup Po(6 ¢ M) = A fg(@d A p) - =]
0O+ (s,a) o +

where

d—A 0 o d 0 o d
d,A, =_c1>(————1 ——1) @(—— 21 ——1).
g(d,A, p) " o pog(A )) + 20+pog(A )
We also notice that

d

sup Pp(@ ¢M)>1— inf Py € M)=1— inf P,6,eCl)y=1-1.
06®+I()S,a) o0 #M = 00 (A) o ) 0e®<A>£[] 0% €

We then optimize the lower bound with respect to ¢, which leads to

sup Py(0 ¢ M) > G(d,A, p,m).
0O (s,a)

As the above lower bound holds for any 0 < A < s and p > a, we obtain

sup Pp(@ ¢ M) > sup G(d,A,p,m).
0cOT (s,a) p>a,A<s

The rest of the proof focuses on showing

sup Py(@ ¢ M) > sup G(s,B,p,m). (B.14)
0cO* (s,a) p>0,B<s

We first define an s-dimensional vector a = (a,a,...,a) € R*, and O ,(B) = {# € R* : |0 —a], =
B,0; = a+ p for6; # a}, where 0 < B < s and p is an arbitrary positive quantity. Then, we define

the parameter set ®'(B) = {(,0,...,0) € RY:0 ¢ ©,(B)}, which is contained in the parameter space
©™ (s, a). In this case, we only perturb the parameters that are non-zero. Let 0,) and M denote the first
s entries of @ and the confidence intervals for ;. Similar to the previous argument, we can show that

sup Pp(@ ¢ M) > sup Py(0 ¢ M)
0cO*(s,a) 0cO*(s,a)

= (lsi) 2 (Z]P@jwj ¢cry 1] Py, (0 € CI]./))

0co'(B) j=1 J#j€ls]

—1 Ky
= t’(;) Z( Z P,(a¢ CIj) + Z [P’a+p(a +p¢ CIj))

J=1 0€®'(B).fj=a 00/ (B).0j=a+p
N
s—B B
/S (TPa(a #CL) + Py latp g czj)),
J=1
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34 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

where ¢ = infy g/ (5, Hj: 1 Py,(0; € CI)). In addition,

Poipatp ¢ Cl) =P, (aeCl) =P, (L >a+p)—P,, ,0=<L <a.

a+p a+p

To further lower bound the right-hand side of the above display, we notice that

at+p-—m=<E, L;

<aIP’a+p(0§Lj Sa)—i—(a—i—p)IP"H_p(a <L;< a+p)
+(a+2,0)Pa+p(a+,0 <Lj<a+20)+E, LiIL;>a+2p)

=dP,, ,0=<L;<a)+ (a+p){l -

a+,0

+@+20)P, ,(a+p<L)+E, (L;—(a+ 20))1(Lj >a+2p)

a+p
= (a+p) = PPy, (0 < L; @) + pPyyp(a+p < L) + By, (L; = (@+20DIL; > a+2p).

Thus, we have

m+E

(L; —a—2p)I(L; > a+ 2p)
Pa+p(Lj>a+p)—IPa+p(0§Lj<a)z— ate J J .

I

Finally, we also note that

sup P, (6 M )>1— inf P8, ,eM)=1—"1.
06®+I()s,a) o [S]¢ [S])_ 0ce’'(B) ol Ls] [S)

The rest of the proofs are similar and therefore we omit the details. Together with Theorem 1, we
complete the proof.
B.6  Proof of Corollary 7

Denote a, = ok,. When a < a,, Corollary 2 holds. When a, < a < a; := o,/2log(d/A; — 1),
Theorem 6 implies

inf su P,0 ¢ M) >G(d,A,,a,m)>G(d,A,,a,m"),
MEM+(m 8) 0604»[()?“) o ¢ d 1 d 1

where m* = o(— — —),/210g(d/Ad +

By Lemma 16

1
gd.Apa) =3+ dCD( 2log(d/A, —

W, defined as in the Corollary.

1 1
D=3 2ﬁ Jog(d/A, — 1) +2

(B.15)

In addition,

m* 1 Wd 1 1 ( Ay )

a2 4f,/1og(d/Ad—1 d—A,)
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and for d, s large enough
R 1 A 1 V1+2/logd/A; — 1) — 1
a;  2md—Ay V2log(d/A; — 1) /1 +2/log(d/A; — 1) + 1
1 Ay

4f,/1og(d/Ad—1 d—A,

Thus, for d large enough and as &~ — oo,

Ad[g(d,Ad,fh) - (m* +R)/a1]

1 1 w 1 1 A R
> Ayl + -4 (1— d )—_]
" aym JlogdjA,— 1) +2 Ay AVm Jlogd/A;— 1) i-4,) 4

[ 1 1 N & B 1 1 |
CoJx Jlogd/A, — D) 12 Ay 47 JlogdjA, — 1)

Since W; — oo, we have

liminfA,[g(d. Ay a) — (m* + R)/ay] = +o0,
,§—> 00

which further implies liminf, ;. G(d,A;,a;,m*) = 1.
Similarly, when a > o,/21log(d/A — 1), Theorem 6 implies
inf sup Py(0 ¢ M) > G(s,B
MM 5 geor (sa)

where m™* = 0(— — —),/210g(s/B -1 + (

a similar argument, it is shown that

By, p*,m™)

* = o0,/2log(s/B; — 1). Following

1 1 V. R
B,[g(s, By, p*) — (m™ +R)/p*] = B,[ +=2—-—1=V,.
27 Jflogs/B,— 1) +2 B, p*

This implies liminf, _, ., G(s, By, p*,m**) = 1. This completes the proof.

B.7 Proof of Corollary 8

Proof of (3.5) and (3.7). For simplicity, we follow the the same notations in the proof of Corollary 7
and Theorem 6. By the proof of Theorem 6 and M € M 1, We have Pp(@ ¢ M) > 1 —t and

m+R
Py(0 ¢ M) > tAd{g(d Ay p) — TL,

where m = Sup| _;; SUPgce+(sq) Eg(0; — L)). If g(d, Ay, p) — ""TTR < 0, then
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36 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

Otherwise, we have
m-+ R

b7y 0 € A f2@. A0 - mTTR},

Py(® ¢ M) = 14,]g(d. Ay 0) -
which implies
_L%QE@}
A, ;Pp(0 € M)

Clearly, (B.16) implies (B.17), and the lower bound reduces to (B.17) by combining these two cases.
Whena < a; :=0o,/2log(d/A,; — 1), we can take p = a,. By the proof of Corollary 7, e.g. (B.15),

m = pled A0 (B.17)

liminf inf —
d,s—>00 Me M, a

i .f[1+ 1 1 1 Py(8 ¢ M) R]
mint | - - — - —
Tds—oo L2 21 Jflog(d/A, — 1) +2 AsPp@ €M) a
1 1 1 1 1 1 A

zliminf[—-i- b > d ]

ds—oo L2~ 2/m Jflog(d/A, — 1) +2 Ayjl—a 4m Jlogd/A,—1)d—A,
1
2

We then obtain (3.5).
In case (2) it is easy to verify that for d, s large enough

ajo > \/2log(d — 5) — loglog(d — 5) + C' + /2log s — loglogs + C’ V&,

> /2log(d — 5) — loglog(d — 5) + C' + /2logs — loglogs + C' > /2logd + C,

for some constant C > 0. This further implies (3.7) by the proof of Corollary 7 and the similar argument
in case (1).

Proof of (3.6) and (3.8). We first note that Corollary 5 implies ]l_/Ia/ € M. For (3.6), it suffices to
show that the following inequality holds regardless of the value of a,

lim sup SUP | <j<g SUPgee+(s,a) g (6; — L) <1
d.s—>00 o+/2logd
where L; is defined in (2.14) and for notational simplicity we write L; for L ;- First, consider the case

that a** < a < a, where a** = k**o and a/o = \/210g((a_a2,§‘é+) + . /2log(="5)- Thus, for d
large enough

Eg(0; — L)) =Eg(0; — LNI(j € Sy) +Eg(0; — LNI(j & Sy
=Eg(0; — LNIX;/0 > @71 (8)) + 0,Py(X;/0 < ®7'(8))
=Eg(0; — X, + i,y 0)(X;/0 > i) + 0, Py(X;/0 < ity)
<o+ ﬁa/UIP’o(Xj/a > iy + GjIP’o(Xj/U < lUy), (B.18)
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where it is defined in (2.15). If i,y0 = 6, the above display implies

Eg (Gj - Lj) <o(l+uy).

If i, 0 < 6, the above display and the Gaussian tail bound in Lemma 16 leads to

E,,(ej — Lj) <o(l+uy,)+ (OJ- —uy0)P(Z > 9]-/0 — Uy)

<o(l +iiy) + ——ex ( (6»0—12/)2)
m p j/ o
<o (1 + i) + —
<o U, 1
* 21
where Z ~ N(0, 1). Combining these two cases, we have
su . Su NEg(@:— L)) 14+u,+1//2
lim sup —p1z/=d SWPocor ) 2000 TR Iy 1NV (B.19)
d,s—00 o+/2logd ds—00 V2logd

Now we consider the case a > a. If u,, < w, we have
Ey(0;, — L) =FEy0;, —LNI(j € S,) +Eg(6; — LNI(j ¢ 5,)
= Eo(Gj —-X;+ ﬁa,a)I(Xj/a > w) + GjIP’o(Xj/U <w)
<o+ b_ta,aIP’o(Xj/U >w) + Gj]P’o(Xj/a <w), (B.20)

2(d—s)
_a/)cdfa a—a’

non-zero 6 s since if 0 ;= 0, (B.ZO) can be trivially bounded by o (1 + u,,). Then, for 6 j # 0 we have

where w = \/ 2log( @ ) and iz, is defined in (2.16). Note that it suffices to only consider the

0 a _ _ _

L >—>Kk>w>u

o o
By the same derivation, it can be shown that

o 0 /0 1 5
Ey (6 L)<0(1+u/)+\/—_9/Tex (—E(Gj/a—w) ) (B.21)
Note that
lim o(l+u,) < lim 1+ /2logs —loglogs+ C -1,
ds—oo 04/2logd ~ ds—oo 2logd

for some constant C (depending on «’, ), and
Qj/a_ﬁa/_ W_M/

— M / w
=14+ —2% < ——
0i/oc —w 0;/0 —w /2 log(c /210g(ﬁ)
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Plugging into (B.21) and notice that w/\/2logd < 1 for d sufficiently large, we obtain

SUP| <j<d SUPgeo () B9 (0 — L)) <1+ 0(;) -1
- log s )

o/2logd Viogs
However, if u,, > w, (B.20) has a slightly different form as follows:
Eg(0; — L)) =Eg0; —LNI(j € S,) +Eg(0; = LNI(j & Sy)
= Eo(Oj — Xj + ita,U)I(Xj/a > Uy) + OjHDa(Xj/U <u,)
<0 +uyoPy(X;/o > uy) +0,Py(X;/0 < uy), (B.22)
which is identical to (B.18) expect that u,, is defined in (2.16) rather than (2.15). However, this does not

change the proof of (B.19) (i.e. (B.19) still holds). This completes the proof of (3.6).
Finally, we focus on the last result (3.8). As d, s — oo,

ajo > \/2log(d — s) — loglog(d — ) + C' 4+ /2logs — loglogs + C' v ,

> 2log(— 299 1 hieg(— Sy =z
> o o =K.
£ (Ol — Ol’)Cd_s’a_a/ £ CS,OZ/C(/

Thus, by the definition of ]l_/la/, when a/o > k, u,, is defined in (2.16). By (B.21), we first note that

. o(l+u,) - 14+ 4/2logs —loglogs + C 1
im ——2%- im =1.
ds—oo 04/2logs ~ ds—oo /2logs

For d, s large enough,

0,/c —w = aj/o —w > /2logs —loglogs + C' v &,.

Recall that &; = ,/(loglog(d — 5) — loglog s) | . Thus, uniformly over 6 we have

e e 0 e — w2
9j/0' _ exp( 2(91/0' w) )
(g T I P
_(1+9j/0—w)eXp( A4 W))
w 1
<(1+ L2y dtons — loslons 4 €.
( \/210gs—10g]0gS+C/)exp( 2(%-01 (2logs — loglog s )))

If d — s > s holds, we have that asd — s — oo and s — 00,
Oj/o — Uy

1 2
7w @ (=300 =)

- (1+\/210g(d—s)—10g10g(d—s)+C) log s <9
- V2logs —loglogs + C’ \ log(d —s) ~
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Otherwise, underd — s < s,
0./0 —ii, 1
J o 2
Gr (- 56;/5 = w) )
- (1 N V2log(d — 5s) — loglog(d — 5) + C’) exp(—C'/2)./Tog s N
- 2logs —loglogs + C s

0.

Thus, by (B.21) we have

SUP| <j<d SUPgco (s.0) B (6 — L) <1+ O(L) -1
- log s '

o+/2logs V1o

Similarly, if u#,, > w holds, then we have (B.22). By the proof of (3.6) with #,, defined in (2.16), we
still arrive at

SUP| <j<g SUPgeo+(s,q) Lo (6; — L) <1
o+/2logs -
This completes the proof of (3.8).

B.8  Proof of Theorem 9
Proof. Proof of Theorem 90ur proof relies on the following two lemmas.

LEMMA 14. Under the same condition in Theorem 9, we have

_ C,(d — K _ C,\58/2
sup (541 220 < (20w mys <572 < ()
0O+ (s,a) sd 0O+ (s,a) s

where C, and C, are two universal constants.

LeEMmA 15. Under the same condition in Theorem 9, there exists a positive constant C such that for
(t, s, d) sufficiently large,

sup  sup  Ey(6; —Zj,)z < Cazlog t,
1<j<d 9O+ (s,a) ’

where s, a satisfy the scenario (B).

First, the proof of Corollary 5 implies SUPg,—o Po(j € S’g‘,l) < 1 — 4. Note that 25 < d implies

d—s > d/2. By the monotonicity of log(x/+/log x), we can show that for any s, a satisfying the scenario
(B) and 9j # 0, we have

> /2log(d — 5) — loglog(d — 5) + C' + /21logs — loglogs + C’

>
o

Q|

> /21og(d/2) — loglog(d/2) + C' + /2logs — loglogs + C'
> /21og(2d) —loglogd + C'/2 + /2log s — loglog s + C',
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40 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

where C’ is a sufficiently large constant. Thus, we can show that

S 2d
Py (supp(6) Z S4) < > IP’QI.(XJ»/U < \/210g((a—))

—-a’)C
070 )Coa—ar

X, — 6, 2d 0,
= 2 5 (7 ’5/2“’%(W)‘;’)
J#770 doe!

X.—0.
= Pej( < —\/Zlogs—loglogs—i—C’) <d, (B.23)
j:0,#0

for s sufficiently large, where the last step holds as C'isa sufficiently large constant. Note that under
the event 5/2 < [S%/| < 2s, by the definition of 5, we have s/2 < |5%/| <§ < 2|5%| < 4s. That is,
§/2 <5 < 4s. Formally, the above argument and Lemma 14 imply

= Pe _ Cy(d—s)\s  (Cy\s/2
sup Py ¢ M) < sup Py(0 ¢ MY, 5/2 <5 < 4s) + (—2( S)) 4 (—4) . (B24)
00t (s,a) 0O+ (s,0) sd s

By the proof of Theorem 4, we have
Pp(8 ¢ MY, 5/2 <5 < 4s)

<s(1 = Pluyy) + > Po(X;/0 = n) + Py(supp(8) & 52

j¢supp(®)
2 i
_ s(l _ qn(/zlog(m))) +(d - 5)(1 — D)) + Py(supp(®) € 34),  (B.25)

where

2 log( 2d )
7 g (Ol — O(’)Cd’a_a/

The first two terms in (B.25) are both upper bounded by (@ — «’)/2 for s, d sufficiently large, see the
proof of Corollary 5. The upper bound for the last term in (B.25) is shown in (B.23). Thus, from (B.24)
we obtain liminf, ,_, . infpc+,q) Pa(@ € M%) > 1 —a.
Next, we are ready to show
_ RMY,0"(s,a)
limsup —%———

d.s—00 o+/2logs

Note that

Eg(®; —Li5) = Eg(0; — LIG < 45) + Bg(0; — L,)IG > 4s) =1, + I, (B.26)
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We further decompose /; as follows:

I =By, — L;)IG < 4)1(X;/0 = ) + EBg(0; — L )IG < 49)I(X;/o < n) := 1} +1,.

Under the events < 4s, it holds that

21 ( Al ) < |21 ( 165 )
e (0] _— (0] —_— ) = ! Aee
Ha's =) Cpy o/ = e — )y o)~

Thus, for 1, we have

I, = Eo[ej - (Xj - Ma/36)+]165 45)I(Xj/0 >1n)

< Egl8; — (X; — tyy 4,0) UG < 4)I(X;/0 = 1)
= Byl0; — (X; — 1t 4,0) UG < 4910 > (X; — 14 4,0) DIX /0 > 1)
+Egl8; — (X; — 1ty 450) MG < 4910 < (X; — g 4,0) I(X;/0 = 1)
< Eo[Qj — (Xj — ua,’480)+]1(§§ 4s)1(9j > (Xj - ua,’4sa)+)I(Xj/o >1n)
S Eglb; — X 4 g 450 10 > (X — g 4,0) (X > uy 40)(X;/0 = 1)
+ 0 Egl(0; > (X; — g 4,0) (X < ug 40)1(X;/0 = n).
Following the proof of Corollary 8, we can further show that
E, [9j — Xj + ua/’4sa]1(0]~ > (Xj — ua,’4so)+)I(Xj > ua’,4sa)I(Xj/0 >1n)
< ]Eo[Gj —Xj]I(Gj > (Xj — ua,,4so)+)I(Xj > ua/’4sa)I(Xj/a > 1) + Uy 40Py (Xj > Upyr 450)

<O 4 Uy 40

After some simple calculation similar to the proof of Corollary 8, we can show that by the tail bound in
Lemma 16,

Qonl(Gj > (Xj — ua/’4s0)+)I(Xj < ua/’4SU)I(Xj/O' >7n) < Gjﬂ”o (Xj < Uy 450) < Co,

for any 6; # 0, where C is a positive constant. Combining the above inequalities, we obtain
111 < (1 + C)U + M(x/’4s0—. (B.27)
For 1, recall that it suffices to only consider non-zero 6;. The tail bound in Lemma 16 leads to

I, < Gj]P’o(Xj/o <n) = GJ-P(Z/U < —(Gj/a —-n))

<Co(l+ L) exp(—léz)
- 0;/0 —n 2°d

< Co

(1 N V2logd —loglogd + C”) JIogs
V2logs —loglogs + C’
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In the following text, we consider I,. Let ), = {t € [T] : 2'~! < 4s < 2}. Then

T T
L= By, —L;p)IG=2") < D (By(0; — L0} {Py G =2")"/%
t=tp =1y

For any ¢, 5 = 2" implies 2/~! < |§g”,’| < 2! Thus,

Py(§=2") < Pp2" <347 < 2') < Pp(15%7 = 27 1),

Recall that 20~! > 2s. Following the proof of Lemma 14, we have for any 7 > Iy

Py5=2") < (Zil__ss) (%)2”1—s S (%’_s)szl_s,

where C, C’ are positive constants. In addition, Lemma 15 implies

Ey(0; — Lj2)* < Cllog2)o™t.

Thus, for 1,, there exists a constant C > 0 such that

r i) T 1/2 T—19 12
> _c >_a Ct Clty +9)
1/2 2 _ Cltg+'*
b=e t=tot (2171 o s) = Ut 10 2 =202 i qz_:() 2¢+t0—1 _ pt0=2

1/2T 10 T—1y 12

0
S 2to— -2 Z 2q+1 2t0 2 Z 2q+1

It is easily seen that the infinite sum ZZ‘;O 2q+

1/2
oo q .
— and > 2 55— converges. Thus, there exists a

constant C’ > 0 such that

C até/ 2 Co
2 E 210 2 + 2t0—2

Combining with (B.26) and (B.27), we obtain

1/2

C’oto Co
]Eo(ej )<(1+3C)G+M /4SG+ 210 +m
Noting that
Uy 4s . J/2logs —loglogs + C
= = lim =1,

lim —— =
ds—o0 \/2logs  ds—oo J2logs

we complete the proof. g
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Proof. Proof of Lemma 14.Consider the event |3‘Z‘,1 | > 2s. It implies that there exist at least s number of
Gj such that Gj =0 and Xj/cr > \/2 log(m). Thus, we have uniformly over 8 € O (s, a),

cad d—s 2d S
Py (13%] > 2s) < ( ) )[Pejzo(xj/" = \/ZIOg(m))]

((d—SS)e)A‘[[ ! exp(—log(%))]s

2\/2 log(m)

IA

IA

((d—s)e)s[ 1d logd]
s Jlog(z2)
(Cz(d — s))S
sd ’

IA

for d large enough, where C|, C, > 0 are two universal constants. Consider the event |SZ‘,1| <s/2. 1t

implies that there exist at least s/2 number of 6; such that 6; > 0 and j ¢ S‘Z‘,i. Following the similar
argument and the inequality (B.10), we can show that

cad s 2d 5/2
Py(15| < 5/2) < (s /2) B, (%00 = /2 o2 )]

< (sz) [IP’(N < —/2logs — loglog s + C/)]S/2

s/2
< o[ G
V2logs —loglogs + C’
5/2
=(9)"
“\ys
for d, s large enough, where N ~ N(0, 1) and C5, C, > 0 are two universal constants. O

Proof. Proof of Lemma 15.Following the proof of Corollary 8, we consider two cases d > 2t and
d < 2t. When the former condition holds, we can show that

Eg(0; —L;)* =Eg(0; — X; + 1y ,0)*1(X;/0 > w) + 0Py (X /0 < w)

=IE0(6 X) I(X jo > w)+u o IP’o(Xj/U > W)

o't

+ 2ua,JUE0(9j — Xj)I(Xj/o > w) + 6?]2[?’9()(]-/0 <w)

<o0? +uy 07 + 2y 00 + 07Py (X /0 < W), (B.28)
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where w = \/ 2 log(m). Furthermore, the tail bound in Lemma 16 implies

) o2 030> | i
QJ]P)G(X]/U <w)< \/T_nej/a——wexP(_ 5(91/0 —w) )

o2 20;/0 —w)*+2w?

<
- 2n 9j/0—w

exp ( — %(Qj/o — w)z).

Recall that if d, s large enough, we have

0;/o —w=ajo —w= V2logs — loglog s + C’ \/§d,

and w? < 2logd — loglogd + C’ for some constant C’. Thus, for d, s large enough,

6%P X /o <w) < ZLQ\/Zlogs—loglogs—i—C/exp(— l(210gs—loglogs—i—C’)z)
jrettile =W =Tps 2

202 2bgd—dogbgd4—c/exp(__léz)
V2 \/21logs —loglogs + C’ 24
,  20% 2logd —loglogd + C' /logs

o” +

V2 \/21logs —loglogs + C' log(d — s)
2 _ /
<42 20° 2logd —loglogd+ C" ./logs <62,
V2 \/2logs —loglogs + C' log(d/2)

where C” is a positive constant. Finally, we plug into the inequality (B.28),

Eq(6; — Zj,t)2 <o’ +uy, 0%+ 2, 0%+ o’

For (¢, s, d) sufficiently large, it can be easily verified that the following inequality holds:

sup sup [Ey(6; —th)z < Cazlog .
1<j=d 06+ (s,0) ’

In the following text, we consider the second case d < 2¢. Similar to (B.28), we obtain that
Eg(®; —L;)* =Eg(0; — X; + 1y ,0)*1(X;/0 > u, ) + 07Py(X;/0 < 1)
=Eg(0; — X)) I(X;/0 > uy ) + gy 0°Py(X;/0 > Uy )

+ 2, OBy (0, — X)IX;/0 > Uy ) + 03Py (X;/0 < tt)

<o+ ui,’toz]P’a Xj/o > uy )+ Zua,’taz + Q;Pg X;/0 <uy,).

(B.29)
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If 2u, 0 > 6, then By (0, — L;)> < 02 + 5u2, 0% + 2u, 0. If 2u,, 0 < 6, then 0;/0 — u,y, >
0 i /(20), and we further have

Eg(®; —L;)* < (I +uy )?0” + (07 — uly 0HPZ > 0,/0 — )

2
o=(;/0) 1
< (1 +uy, o+ —I" (——9.22)
= +uy)o N exp 2(,/( o))
o
<(+u, )o?+ —,
o V2
as s,d tend to infinity, where Z ~ N(0, 1). For (¢, s, d) sufficiently large, (B.29) holds as well for the
second case d < 2t. This completes the proof. (]

B.9  Proof of Theorem 10

Denote AT = {0 € RY : ||0]|, = 5,0, = aforVj,6; # 0} and A~ = {§ € R? : ||§]ly = 5,0, =
—a for Vj, 0; # 0}. Then

sup Py(supp(@) £8) > sup P,(supp(@) £S)=1— inf Py(supp(d) C 3).
00O (s,a) OcAtUA— fcATUA—

Following the proof of Theorem 1, we obtain that

—~ 1 —~ —~
sup Pp(S Z3) > 5[ sup Pp(S ) + sup Py(S Z S)]

0O (s,a) fcAt 0cA—
1
P,(SZ S
_2|A+|Z Py(S & )+2|A |Z (S ZS)
fcAt

s k k
- (s)u++u ,

P k 2

where 1 = infycyiu- [1jesPo,( € S), and uy = P,(j ¢ ) and u_ = P_,(j ¢ S), where P,

denotes the probability of X; ~ N(a, o?). Applying Jensen’s inequality, the above display can be further
bounded from below which yields

sup Pp(SZS) > rZ ( )(#)k = t[(l n #)S - 1].

00O (s,a)

We denote j € §by TX;) =1 for some function 7'(-). The Neyman—Pearson lemma implies that the
infimum of (u, +u_)/2 = Pa(T(Xj) =0)/2+ IP’_a(T(Xj) = 0)/2 over all possible T(-) such that
Po(T(X j) = 1) < 1 —§ is attained by the likelihood ratio test of X i~ N (0,02) versus the mixture
normal Xj ~ %N(a,az) + %N(—a,oz), which is

2
T(X) _I(cosh(aX/UZ) > c*expl(5— 2)) (B.30)
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where cosh(x) = (exp(x) + exp(—x))/2 and c¢* is chosen such that Py (7T(X j) = 0) = 4. Since cosh(x)
is symmetric and monotonically increasing for x > 0, we have

2 2
§= IP>o(|X/C7| = —COSh NG eXp(—))) =1- 2<I>( — —cosh et exp( )))

Solving above equation, we obtain

2
c* = exp(— az)cosh( (1+8))

Denote Agg = 3= =P (T(X;) = 0)/2 + P_a(T(X ) = 0)/2 with T(X) defined in (B.30). Then,

Apg = %]P’a(cosh(aX/az) <c* exp( )) 5 _a(cosh(aX/az) <c* exp( ))

= B (/o = o7 D) 4 3P, (X017 (F29))

1+6
= P(P I(L)‘F—) <1>(—<1>—1(T)+§).

Following the same steps in the proof of Theorem 1, we can obtain (A.2).
To show (A.4), we consider the following two cases separately. Case (1): a/o < o1 (1—'55). Then

146
Brsz o(@7110) — 00 = 5,
since § > ¢ for some constant ¢ > 0. As aresult, (1 + Ay)® — oo as s — oo. This yields (A.4).
Case (2): @’1(#) < ajo < CD’I(#) - CD’](cs/s). Denote g(x) = @(dD’l(%) + x) —
d(—p! (#) -+ x). We have A ¢ = g(a/o). Note that the function g(x) is monotonically decreasing
forx > ®~!(142). This implies that

146
Ars > g(df%%) D)

_q>(2c1> 1( °) +o- l(l—c/s))—CD(CD_l(l—cS/s))

> O + T(s/cs)) — (1 —=c/s), (B.31)

where ¢/ = 2<I>_1(12i) and T(x) = /2logx —loglogx — C and the last step holds by Lemma 16.
Applying Lemma 16 again yields

/ 1 / 2
(' +T(s/c,) > 1 —exp ( — 5 +T(s/c)) )

v

1 —Cexp ( log(s/c,) + = loglog(s/c )—c Jlog(s/cs))

|- C% exp (% log log(s/c,) — c’\/log(s/cs)), (B.32)
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where C is a generic constant which may differ from line to line. Since s/c, tends to infinity,
loglog(s/c,) < /log(s/c,). Combining (B.31) and (B.32), we obtain

1
Apg > &[1 — Cexp (5 loglog(s/c,) — c’\/log(s/cs))] > %
s s

Following the same steps in the proof of Theorem 1, we can obtain (A 4+ 1)* — oo. This completes
the proof of (A.4).
To show §§§ € F (), notice that

Po(j € 555) < By(1X,l/o = &' (1/248/2)) = 1 — 5.

The event supp() Z fS'Z,S is equivalent to that there exists j € [d] such that j € supp(@) and j ¢ 35,5 .
Then

Py (supp(8) Z ST5) = Py(3j € [d).j € supp(8).j ¢ S3)
< > Pp(ig S

070

= > PIX =@ ) +a),
0,70 s

where the last step holds since a/o > o (%) —¢! (g—_;). Ifod! (%) +a < 0, the above probability
is 0. Otherwise,

TS e ey
P(supp(9) & S17) < ‘Z P(0;/0] - 1Z] < ®7'() +af0) < Z P(Z)| = —o7! () =,
J:6;7#0 6,70

X;—0

where Z;= % ~ N(0, 1), and we use minj:@ﬁ,EO 0] = a. This completes the proof.

B.10  Proof of Theorem 11
Similar to the proof of Theorem 4, we can bound P(6 ¢ AA/Ig/S) by

PO ¢ ML) <P@Fj € S5.0, ¢ [L;.U,]) + P(supp(®) Z S5). (B.33)

By part (3) of Theorem 10, P(supp(§) £ fS‘Z;q ) < o'. The first term can be further bounded as follows:

. _ oIS T 7
P@Ejes, .0, ¢[L;,U;D (B.34)
<P@j e supp®).0; ¢ [L;.U;1) + PEj € SL\supp(8).6; ¢ [L;. U] := 1, +I,. (B.35)
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For I}, by noting that 6; ¢ [Zj, ﬁj] is equivalent to |Z;| > u, where Z; = X6~ N@©,1) and u = ﬁTS
we have
L= > P(Z] = u) =251 — d)). (B.36)

Jjesupp(9)
To bound /,, noting that j ¢ supp(#) implying 6 ; =0, we have
. -1 Oé/ a 1
h=P@ ¢supp(®). 151 = 07 )+~ 1zl zw = D PZlz o7 >+— 1| = u).
Jjgsupp(0)
To bound the last probability, we now consider the following two cases.

(1). When £ < —Q_I(“;;‘/) - 1(0‘ ), by setting u =
@ (u)). Combining with (B.33), (B.35), (B 36), we have

=2(d—-s)(1—

PO ¢ ML) < 2d(1 — d(w)) + o =a.

(2). When & > —@~ (%) — o~ !(4 o where 7 = O(£ + O~1(L)).
Recall that u = &~ (1 — ¢=¢=2-90-m) Thep

oy =1 L —2(§IS—S)(1—77) .

which is equivalent to ~ 1(2 ) + & > u. Therefore, I, < 2(d — s)(1 — 1), and finally we have

PO ¢ M) < 2(d —5)(1 — ) +2s(1 — d(w) + o’ = a.

B.11  Proof of Theorem 12

The idea of the proof is very similar to the proof of Theorem 6. For simplicity of presentation, we
skip some intermediate steps. Denote AT = {§ € R? : 01y, = A, 0; = p, foranyt, # 0} and

—={0 eR?: 01y = A, 9j = —p, for any9j # 0}, where 0 < A < s and p is an arbitrary positive
quantity that is p > a. Then

1

-1
—(j) [ > e gm+ > Py6¢m)

sup Pp(0 ¢ M) >
06 (s.a) 2 feA+ feA-
tf(d\ 't a
= E(A) [Z PRACTINED IPINACE: C’j)]

j=10eA+ j=16eA-

A A
Ap0¢cr D+ 3 7Bp & CL) + TP (—p ¢ CIj)), (B.37)

=25

j=1

€202 Iudy Z0 uo Josn Aeiqr AusIaAlun (U109 Ad 906080./S00PEEY/IEIEWIEE0L "0 /I0P/2[0IE-80UBADE/IeleWI/ W0 dNO"dIWspeoe)/:Sdjjy Wo) paPEojUMOQ



Y. NING AND G. CHENG 49

where t = infy 4+ 4 H?‘:l Pej(ej € CIj). Since ]P’p(O,p € Clj) < ]Ep|Uj —Lj|/,o, we have

P,(p ¢ CI) = P, (0 € CI) =P, (0, p € CI) = P, (0 € CL) = m/p,

and similarly ]P’_p(—,o ¢ CIj) > IP’_p(O € CIj) — m/ p. Together with (B.37),

d
d—A Am
sup Pp(0 ¢ M) >t IP(O¢CI~)+ B, (0 € Cl) + 7 ]P’ ,0ecly) - =
00 (5,a) o {g( 0 724 P /) p}
d—A 1 1 m
‘A1 inf E,(1—-T -ET+-E_T)— —4, B.38
= {Tel?o,l}( A o )+2 P +2 _p) p} ( )

where T denotes a test function from R to {0, 1}. Note that

d—A

(f(X)-l-f (x) d—A))’

Ey(1 - T) + IET+ IE T = ]EO( — T —
0

where fp (x) denotes the pdf of N(p,o2). Thus, the above function is minimized by

(oD d—a

e = 26, () A

o _1, d—A 0?
=0 =1(1x/0] = % cosh™ (= exp(2-7)),

o 202
where cosh™!(+) is the inverse function of cosh. Plugging the definition of 7*(x) into (B.38), after some
calculation we obtain

sup Pp(0 ¢ M) > A
0B (s,a)

{Mcp(—m +o&+p) - -p)- 2,
A o o P

where D = %cosh_l(d exp( 2)) The rest of the proof is the same as Theorem 6. We omit the

details.

B.12  Proof of Corollary 13

The proof of this corollary follows from the same line as in the proof of Corollary 8. We only highlight
the main difference. By Theorem 12, we can obtain that
1 Py(0 ¢ M)}

m = P{grs(d,Ad, p) — A_dI[Do(e e

To show (A.11), denote a; := o,/2log(d/A,; — 1), and we can take p = a;. The key step is to lower

bound grg(d,A,, p). Recall that

2(d —Ap)
Ad

®(—D) + {(D(g +D) _ @(3 —D)] =1, + 1,

d,A;, p) =
8rs( aP) po

where

o 1, d—A4Ay,
D = —cosh™ " ( exp( ))
0 A
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50 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

We now consider the two terms /;,1,. By the definition of cosh, we can easily verify the following
inequality logy < cosh™! (y) < log(2y) holds. Applying it to I | yields

2(d_Ad)d>(—%log2(d_Ad) B ﬁ)

11 >

_2(d—Ay _ J2log@/A, = T) — log2
== c1>( 2log(d/A, — 1) T ey 1))
c

>
~ J2log(d/A; 1)

for some universal positive constant C. Similarly, we can show that

I, ( logd Ad+3—p)—®(—glogﬂ+£)
A, 20 P Ay 20

= ®(2y/2log(d/A, — D) — ®(0)

- 1o’

The same argument in the proof of Corollary 8 implies (A.11). The proof of (A.13) is similar. Finally,
to show (A.12), notice that

Eo (U — L) =By(U° — L)I(j € 8) < 200l

Regardless of the SNR, lim sup ﬁg;g /+/21ogd < 1 always holds. Finally, for (A.14), we have

aj/o > \/2log(d — s) — loglog(d — 5) + C + /21logs — loglogs + C > ¢,

and therefore

4
ﬁOTlS 2 log (/—S),
(¢ —«a )sz_a,

which further implies lim sup ﬁg,s /+/2logs < 1. This completes the proof.
LEMMA 16. Tail bound for Gaussian distributionLet N ~ N(0, 1). Then for any y > 0

2 exp(—)*/2) 2 exp(—y*/2)
<P(N >y) <
Ty+y*+4 Ty+ 248/
Conversely, for any ¢t > 2,

1
\/(210gt—10g10gt— 0, =< o (1 - ?) <./2logt—loglogt,

where C = 2log4 + log .
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Y. NING AND G. CHENG 51
C. Additional Theoretical Results

Cl L j in the sparse confidence set
PrROPOSITION 17. Assume thatd, s — oo and 8, «, o’ are fixed. For 6 i =a,we have the following result.
QIf k** <ajo < k,and a < m* := 04/2logd/2, then
lim P(L,=0)=1.
d,sl—I>noo ( J )
DIfa/o > k,d > 2s, then
lim P(L;, =0) =0.
d,sl—I>noo ( J )

Proof. By the definition of L;, we know that L; = 0 is equivalent to X ;/o < &,,, which is N(0, 1) <
u, — aj/o.Incase 1, we have

a

P(L;=0) = CD(\/Zlog (m) _ ;)

> @(\/210g (m) - lm) > q;((% — €)y/2logd),

2

where € is an arbitrarily small constant. By the Gaussian tail bound in Lemma 16, we have L ;= 0 with
probability tending to 1.
Similarly, in case 2, under d > 2s, we have

ool el ) )

for some constant ¢ > 0, where we use the Gaussian tail bound in Lemma 16 again in the last step.
Letting s — oo, we complete the proof. O

C.2 ExtensiontoX ~ N0, X)

In this section, we show that the proposed sparse confidence set is still valid under the more general
Gaussian model X ~ N(6, X) for some known PD matrix X. Without loss of generality, we assume the
diagonal entries of ¥ are identical and equals to 2. Under this assumption, our sparse confidence sets
are exactly identical to A//\Ia/. Recall that

Ma/ = M(/§a,,f],i), WherelL\j = (X; —Uyo) ., /ljj = +00,
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52 SPARSE CONFIDENCE SETS FOR NORMAL MEAN MODELS

where
N . X; o a -1
S, = {]G[d]:— >@ 'O+ Hve (a)}.
o s o
THEOREM 18. For any 0 < o’ < «, provided (2.6) holds, under the model X ~ N(#, X), we have
sup Py (j 63‘\0/) <1-4, and sup Py(0 ¢ Ma/) <a,
0O (s,a),0;=0 0Ot (s,a)
where %, in (2.8) is given by
o1 (1 - 25) ifa/o Ry,
cp—l(l - OM) ifa/o € Ry,

~
Uy =

where n™ = £ 4+ 0™ o , and the low region and hi region are defined in the
h + <I>(ﬁ @1(";)) d the low SNR region R; and high SNR region Ry defined in th

same way as those in Theorem 4.

It is easily seen that the conclusion of this theorem is identical to Theorem 4. In other words, our
sparse confidence set Ma, is robust to the correlation among X. This result is not surprising, because the
proof of Theorem 4 does not rely on the independence assumption of X. We also note that, the proof
of Theorem 9 does require the independence assumption of X, see the proof of Lemma 14. Thus, the

current adaptivity results are not valid under the general model X ~ N(6, X).

C.3  Suboptimality ofI\AJa/
Recall that
Ma/ = M(§a/,f],Z), where/L\j = (X; — Uy o), ﬁ] = 400

foranyj e §a,, where

Q| 2<

Sp=lic:Z= @G+ Hvee)
S o

We partition the SNR region into low and high levels:
e Low SNR region: R, = {K Kk <k < k¥ \/f},
e High SNR region: Ry = {x : k > k* V&},

where

o~ —1 o _Ol/ -1 Ol/
e=-2 (——) -2 ()
S

and

= (1 - ﬂ) ifa/o €R,,
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ProposITION 19. For Qj = a := Cy0./logd, where C;/s — o0, then as d,s — oo (assuming o, § are
fixed)

C,
IE( L)vo—,/logd

Proof. Similar to the proof of Corollary 8, we can show that
E®; - L)) =U,0 + E@®; - X)I(X;/o > ’ﬁa,)I(Xj/o > B)
+ E(9; —'ﬁa/a)l(Xj/o <uu)l(X;/o > B) + E(0; —ﬁa,a)I(Xj/a <B),

where B = (¢! (O‘T,/) + (%) v ®~1(8). We denote these terms by I;,...,1,.ForI,, we can apply Cauchy—
Schwarz inequality to get I, < o. For I5, we have

|I3| = (Oj —ﬁa/O’)P(Z > 9]-/0’ —yy ,) < —

j

where the last error bound is from the proof of Corollary 8. For I, since §; = a := C,0/logd, we
have ’

/!

I, = 0(Cyy/logd —T,p) =
s
It is easily seen that C;+/logd > U,,. As C;/s — 0o, we have

C,
E( L)Ao—,/logd

The proof is complete. O

Note that, since C; in the above proposition can be arbitrarily large, the length of the confidence
interval £(6; — L )< «/log > a./logd where the latter is the minimax rate in case 1 in
Corollary 8. Thus, the sparse confidence interval M is suboptimal.

C.4 Extension to non-separable sparse confidence sets
Recall that we define the class of separable selectors as
F(@) ={SX) :Py(j € SX) =1-34,
and the event {j € S(X)} only depends on X; for any j € [d]}.

In this section, we define non-separable sparse confidence intervals as

M+ ={MS,U,L): . (;rlf Po(@ € M(S,U,L)) > 1 —«, and S € F(8)}, (C1)
S

(s,a)

where F(§) is the class of separable selectors defined above. Recall that we consider one-sided
confidence intervals for the parameters in O (s, a), so we still require L i = 0and U i= 4+ooifj € S,
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otherwise L = U = 0. In the definition of M 4, We remove the constraint from CI v that L i = X iV 0
and L; only depends on X .

Now we prove the following non-asymptotic lower bound over the class of non-separable confidence
intervals in M +» which is parallel to Corollary 3.3.

THEOREM 20. Assume thato < 1/2 andletn = 1 — 2¢.

(). Ifc™ <ajo < /log(dn? + 1), then
inf R(M,0%(s,a)) > (1/2 — a)o\/log(dn? + 1). (C2)

MeM
(2). Ifa/o > \/log(dn? + 1), then
inf R(M,07(s,a)) > (1/2 — a)o/log(sn? + 1). (C3)

M€M+

We can see that, as d, s — 00, in low SNR (case 1), the lower bound over the class of non-separable
confidence intervals is O(o +/logd), whereas, in high SNR (case 2), the lower bound is O(c +/Togs).
Compared with the asymtotic results in Corollary 3.3 (for separable confidence intervals) and the follow-
up discussion, the lower bounds for separable and non-separable confidence intervals have the same
order as d, s — o0.

Proof. The result is proved based on the following Le Cam’s method [4]. Define P _(4) =
f Pp(A)dm () to be the probability of the event A when X0 follows the specified Gaussian mean
model and @ ~ 7 for some distribution 77 on ®* (s, a). For any fixed 8’ € ©% (s, a), we can show that

Py (0’ € M(U,L)) —P_(8' € M(U,L))| < sup |Py(A) — P_(A)| < %[]E,,,(Li) -2, (o
A

where L, = jg; (X) is the likelihood ratio of the data under the measure P, versus Py . Since 8’ €

O (s,a), we have Py (0’ € M(U, L)) > 1 — a. Combining with (C4), we obtain

P, e M(U,L)) > 1 —a — %[Eo,(Lf,) -1z (C5)

Finally, by noting that

P, (6 e MU,L) = /[P’o(G e M(U,L))dn (@) > (1 —oe)/dn(O) =1-a,

(C5) further implies

P (0,0 ¢ M(U,L)) > 1 —2a — %[]Eo/(Lf[) — 1712 (C6)

We pick 8’ = (0, ...,0) and define 7 in the following way. Let i be a random index set (with size 1)
drawn uniformly in {1,2,...,d}. We define 7 to be the distribution of the random variable > jem ke
where « is a positive quantity to be determined. It is easy to verify the following lemma: '

j7
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LEMMA 21. Under the construction of 7 above, it holds that

2. 1 K2
Ey(L2) =1+ E(exp(;) 1),

By taking k2 =02 log(dn2 +1), (C6) implies P_ (0,0 € M(U,L)) > 1/2—a. Let éj =Ke;. Then

d
1/2—a <P, (0,0 € M(U,L)) = EZP%@,O € M(U,L))
j=1

IA

d

1

y > Ej 10,k € CI)
=1

11
< o= Z;Egj<9j—Lj)
j:

IA

1
—supsupE,(0; —L)).
K)o e 0N

Then we have sup; supg £ (6; — L;) = «x(1/2 — «), which completes the proof of (C.2). The next result
(C.3) follows the similar proof which is omitted. [l

€202 Iudy Z0 uo Josn Aeiqr AusIaAlun (U109 Ad 906080./S00PEEY/IEIEWIEE0L "0 /I0P/2[0IE-80UBADE/IeleWI/ W0 dNO"dIWspeoe)/:Sdjjy Wo) paPEojUMOQ



	 Sparse confidence sets for normal mean models
	1. Introduction
	2. Sparse Confidence Sets for One-sided Parameter Space
	3. Optimality of Sparse Confidence Sets
	4. Adaptive Sparse Confidence Sets
	5. Extension to Two-sided Sparse Confidence Sets
	6. Numerical Results
	7. Discussion


