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In the present paper, we study the problem of existence of honest and adaptive confidence sets for matrix
completion. We consider two statistical models: the trace regression model and the Bernoulli model. In the
trace regression model, we show that honest confidence sets that adapt to the unknown rank of the matrix
exist even when the error variance is unknown. Contrary to this, we prove that in the Bernoulli model,
honest and adaptive confidence sets exist only when the error variance is known a priori. In the course of
our proofs, we obtain bounds for the minimax rates of certain composite hypothesis testing problems arising
in low rank inference.
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1. Introduction

In matrix completion, we observe n noisy entries of a data matrix M = (M;;) € R™>*"2_and
we aim at doing inference on M. In a typical situation of interest, # is much smaller than mmo,
the total number of entries. This problem arises in many applications such as recommender sys-
tems and collaborative filtering [3,21], genomics [18] or sensor localization [37]. Two statistical
models have been proposed in the matrix completion literature: the trace-regression model (e.g.,
[9,27,29,31,36]) and the ‘Bernoulli model’ (e.g., [12,17,28]).

In the trace-regression model, we observe n pairs (X;, Yi‘r) satisfying

Y= (X, M) + & =tr(X] M) + ¢, i=1,...,n, (1.1)

where (¢;) is a noise vector. The random matrices X; € R™*™2 are independent of the €;’s,
chosen uniformly at random from the set

B={ejm)e{ m2), 1 <j<my, 1<k <my)}, (1.2)

were the ¢ (s) are the canonical basis vectors of R*. In this model, Y;‘ returns the noisy value of
the entry of M corresponding to the random position X;.
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In the Bernoulli model, each entry of M + E, where E = (¢;;) € R™1*™2 js a matrix of random
errors, is observed independently of the other entries with probability p = n/(mm2). More
precisely, if n < mim> is given and B;; are i.i.d. Bernoulli random variables of parameter p
independent of the ¢;;’s, we observe

Yl,lja.erzBij(Mij—l—Eij), l<i<mp,1<j<m. (1.3)

The major difference between these models is that in the trace-regression model multiple sam-
pling of a particular entry is possible whereas in the Bernoulli model each entry can be sampled at
most once. A further difference is that in the trace regression model the number of observations,
n, is fixed whereas in the Bernoulli model the number of observations 71 := ) _,; B;; is random
with expectation E7ii = n. Despite these differences, the results on minimax optimal recovery
using computationally efficient algorithms for these two models in the literature are very similar
and from a ‘parameter estimation’ point of view the models appear to be effectively equivalent
(see, e.g., [9-11,13,17,22,26,27,29,31,34]). A key insight of the present paper is that for the con-
struction of optimal confidence sets, these models are in fact fundamentally different, at least
when the noise variance o* is unknown.

When investigating questions that go beyond mere ‘adaptive estimation’ of a high-dimensional
parameter, such as about the existence of adaptive confidence sets, one can expect to encounter
surprising phenomena — and various recent results (see, e.g., [2,6,8,19,23,25,30,32,33,35,38] and
Chapter 8.3 in [20]) show that the answers depend on a rather subtle interaction of certain ‘in-
formation geometric’ properties of the model — the material relevant for the present paper is re-
viewed in Section 2. Many of these results reveal limitations by showing that confidence regions
that adapt to the whole parameter space do not exist unless one makes specific ‘signal strength’
assumptions. For example, Low [30] and Giné and Nickl [19] investigated this question in non-
parametric density estimation and Nickl and van de Geer [33] in the sparse high-dimensional
regression model.

Next to the challenge of adaptation, the construction of confidence sets in the matrix comple-
tion setting is difficult mainly due to two reasons. First, the Restricted Isometry Property (RIP)
does not hold, requiring a more involved analysis than in a standard trace regression setting
such as in [15]. Moreover, in most practical applications of matrix completion such as movie
recommender systems [3,21] the variance of the errors is not known. Typical constructions of
confidence sets in high-dimensions such as y2-confidence sets (e.g., [15,33]) require explicit
knowledge of the variance and are thus not feasible. Particularly in the ‘Bernoulli model’, the
problem of unknown variance can be expected to be potentially severe: for the related standard
normal means model (without low rank structure and without missing observations) Baraud [2]
has shown that in the unknown variance case honest confidence sets of shrinking diameter do
not exist, even if the true model is low dimensional. Similarly, in high-dimensional regression
Cai and Guo [7] prove the impossibility of constructing adaptive confidence sets for the /,-loss,
1 < g <2, of adaptive estimators if the variance is unknown.

Our main contributions are as follows: in the trace regression model, even if only an upper
bound for the variance of the noise is known, it is shown that practical honest confidence sets exist
that have Frobenius-norm diameter that adapts to the unknown rank of M. Contrary to this we
prove that such confidence regions cannot exist in the Bernoulli model when the noise variance
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is unknown, and to complement our findings we also prove that in the Bernoulli model with
known variance, adaptive confidence regions do exist. So while recovery algorithms for matrix
completion are not sensitive to the choice of model, the task of uncertainty quantification for these
algorithms is, and crucially depends on the statistician’s ability to estimate the noise variance. For
the Bernoulli ‘normal means’ model, our results imply that the lack of availability of ‘repeated
samples’ induces an information-theoretic ‘barrier’ for inference even in the presence of low rank
structure.

This paper is organized as follows: in Section 1.1, we formulate the assumptions and collect
notation which we use throughout the paper. Then, in Section 2, we review and present general
results about the existence of honest and adaptive confidence sets in terms of some information-
theoretic quantities that determine the complexity of the adaptation problem at hand. Afterwards
we review the literature on minimax estimation in matrix completion problems. In Section 4,
we give an explicit construction of honest and adaptive confidence sets in the trace-regression
case, adapting a U-statistic approach inspired by Robins and van der Vaart [35] (see also [20],
Section 6.4, and [15]). Finally, we present our results for the Bernoulli model in Section 5. First,
we derive an upper bound for the minimax rate of testing a low rank hypothesis and deduce
from it the existence of honest and adaptive confidence regions in the known variance case. We
then derive a lower bound for this testing rate in the unknown variance case, from which we can
deduce that honest and adaptive confidence sets over the whole parameter space cannot exist in
general. Sections 7—-8 contain the proofs of our results.

1.1. Notation and assumptions

By construction, in the Bernoulli model (1.3) the expected number of observations, #, is smaller
than the total number of matrix entries, that is, n < mmy. To provide a meaningful comparison,
we will assume throughout that n < mm, also holds in the trace regression model (1.1). In
many applications of matrix completion, such as recommender systems (e.g., [3,21]) or sensor
localization (e.g., [4,37]) the noise is bounded but not necessarily identically distributed. This is
the assumption which we adopt in the present paper. More precisely, we assume that the €, are
independent random variables that are homoscedastic, have zero mean and are bounded:

Assumption 1.1. In the models (1.1) and (1.3) with index ¢t =i and ¢ = (i, j), respectively, we
assume E(¢,) =0, ]E(e?) =o02,¢ L €y for ¢ # n and that there exists a positive constant U > 0
such that almost surely

max |¢,| < U.
L

We denote by M = (M;;) € R™1*™2 the unknown matrix of interest and define
m =min(my, ms),
d=m;+mjp.

Forany/ € Nweset[l]={1,...,[}.Let A, B be matrices in R”1*"2, We define the matrix scalar
product as (A, B) :=tr(AT B). The trace norm of the matrix A is defined as || A ||, := Y 0j(A),
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the operator norm as ||A|| := o1(A) and the Frobenius norm as [|A|3 = Y a Z A
where (0;(A)) are the singular values of A arranged in decreasing order. Fmally, ||A||oo =
max; j|A;j| denotes the largest absolute value of any entry of A. Given a semi-metric D we
define the diameter of a set S by

|S|p = sup{D(x, y):ix,y€ S}.

Furthermore, for k € Ny we define the parameter space of rank k matrices with entries bounded
by a in absolute value as

Aa, k) :={A eR™" "™ : ||A||o <a and rank(A) < k}. (1.4)
Finally, for a subset ¥ C (0, U] we define
Afa, k)@ = :={(A,0): A€ Ala,k),0 € £}.

As usual, for sequences a, and b, we say a, < b, if there exists a constant C independent of n

such that a, < C - b, for all n. We write Py , (and Ejs » for the corresponding expectation) for
the distribution of the observations in the models (1.1) or (1.3), respectively.

2. Minimax theory for adaptive confidence sets

In this section, we present results about existence of honest and adaptive confidence sets in a
general minimax framework. To this end, let Y = Y” ~ P". on some measure space (£2,, B),
n € N, where f is contained in some parameter space A, endowed with a semi-metric D. Let r,,
denote the minimax rate of estimation over A, that is,

inf  sup EfD(F, £) = ra(A).
fn Q) HAfEA

We consider an ‘adaptation hypothesis’ Ag C A characterised by the fact that the minimax rate
of estimation in Ag is of asymptotically smaller order than in A: r,, (Ag) = o(r,(A)) as n — oo.
In our matrix inference setting, we will choose for D the distance induced by | - || g, for Ap, A
the parameter spaces A(a, ko) ® X, A(a, k) ® ¥ from above, kg = o(k) as min(n, m) — 0o, and
data (Y;, X;) or (¥;;, B;;) arising from equation (1.1) or (1.3), respectively.

Definition 2.1 (Honest and adaptive confidence sets). Let «, o’ > 0 be given. A set C,, =
C,(Y,a) C Ais a honest confidence set at level o for the model A if

11m1nf 1anP’ (feC)>1—a 2.1)

Furthermore, we say that C,, is adaptive for the sub-model .4y at level o if there exists a constant
K = K («, o') > 0 such that

sup IP’f(|C ID > Kra(Ag)) <o’ (2.2)
feAp
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while still retaining

sup P’}(ICnID > Krp(A) <o’ (2.3)
feA

We next introduce certain composite testing problems.

Definition 2.2 (Minimax rate of testing and uniformly consistent tests). Consider the testing
problem

Hy: feAy against Hp: f €A D(f, Ay) > pn, 2.4)
where (p, : n € N) is a sequence of non-negative numbers. We say that p, is the minimax rate of
testing for (2.4) if

(i) VB >03aconstant L = L(B) > 0and atest ¥, = ¥, (B), ¥, : 2, — {0, 1} such that

sup E/[W,]+ sup Ef[1—-v,]<8. 2.5)
feAo feAD(f,A0)=Lon

We say that such a test W,, is S-uniformly consistent.
(ii) For some By > 0 and any sequence p;; = o(p,), we have

liminf  inf [ sup B[, ] + sup B[l \yn]] >8>0 (26
1m0 Wikt —>{0.11L re 4, FEAD(f. Ag)=p}

Theorem 2.1. Let p,, be the minimax rate of testing for the testing problem (2.4) and suppose
that By > 0 is as in (2.6). Suppose that

rn(Ao) = 0(pon).

Then a honest and adaptive confidence set C, that satisfies (2.1)—(2.3) for any o, a’ > 0 such
that 0 < 20 + o’ < By does not exist. In fact if 3o < Bo, then for any honest confidence set C,
that satisfies (2.1) we have that

sup B/ 1Cylp = cpn. @7
feAo

for a constant ¢ = c(a) > 0.

The first claim of this theorem is Proposition 8.3.6 in [20]. The lower bound (2.7) also follows
from that proof, arguing as in the proof of Theorem 4 in [16].

A converse of Theorem 2.1 also exists, as can be extracted from Proposition 8.3.7 in [20] and
an observation in Carpentier (see [14], proof of Theorem 3.5 in Section 6). For this, we need the
notion of an oracle-estimator.

Definition 2.3 (Oracle estimator). Let 8 > 0 be given. We say that an estimator f satisfies an
oracle inequality at level B if there exists a constant C such that for all f € A we have with
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IE””f-probability at least 1 — 3,

D(f,f)<C _inf (D(f, A)+ra(A). (2.8)
Ac( A Ao)

This is a typical property of adaptive estimators, and is for example, in the trace-regression
setting fulfilled by the soft-thresholding estimator proposed by Koltchinskii et al. [29]. The fol-
lowing theorem proves that if the minimax rate of testing is no larger than the minimax rate of
estimation in the adaptation hypothesis, then honest adaptive confidence sets do exist. The proof
is constructive and yields a confidence set of non-asymptotic coverage at least 1 — .

Theorem 2.2. Letr a, @’ > 0 be given. Let py, be the minimax rate of testing for the problem (2.4)
such that a min(a/2, &) -uniformly consistent test exists. Assume that p, < C'r,(Ap) for some
constant C' = C(a, &) > 0. Moreover, assume that an oracle estimator f at level o /2 fulfilling
(2.8) exists. Then there exists a confidence set Cy, that adapts to the sub-model Ay at level o
satisfying (2.2), (2.3) and that is honest at level o, that is,

sup P(f ¢ Cu) <a.
feA

3. Minimax matrix completion

Noisy matrix completion has been extensively studied in several papers starting from Candes and
Plan [10], see, for example, [9,11,17,24,26-29,31,34]. Optimal rates have been achieved under
various sets of assumptions. For instance, the construction of the estimator (and the resulting
upper bound) in [31] requires knowledge of the ‘spikiness’ ratio of the unknown matrix and leads
to sub-optimal rates in the case of sparse matrices. The bounds due to Keshavan et al. [26] are also
only optimal for certain classes of matrices, namely almost square matrices that have a condition
number bounded by a constant and fulfill the incoherence condition introduced by [12]. Optimal
convergence rates for the classes A(a, k) of matrices under consideration in the present paper
have been obtained by Koltchinskii et al. [29] and Klopp [27] for the trace-regression model and
by Klopp [28] for the Bernoulli model. For example, in the trace-regression setting, Klopp [27]
shows that a constrained Matrix Lasso estimator M := M (a, o) satisfies with Py, ,-probability
atleast 1 —2/d

and |Mo— M| s <2a (3.1)

o 2
M — Mol < deIOg(d)
mimy n
as long as mlog(d) <n < d> log(d) and where C = C (o, a) > 0. Similarly, in the Bernoulli

model with noise bounded by U it has been shown in Klopp [28] that an iterative soft thresholding
estimator M := M (a, o) satisfies with Py, ,-probability at least 1 — 8/d

) 2
IM — Mol

mimy

kd R
<C= and |My— Mo <2a (3.2)
n
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for n > mlog(d) and for a constant C = C (o, a, U) > 0. Matching lower bounds have also been
shown by Koltchinskii et al. [29] and Klopp [28]. In the trace-regression model with Gaussian
noise, we have for constants 8 € (0, 1) and ¢ = ¢(o, a) > 0 that

M—Ml%:  kd
inf  sup Ppupo (w > c—) > B.
M MoyeAa,k) mim? n

A similar lower bound can be obtained in the Bernoulli setting (see Klopp [28]). These lower and
upper bounds imply that for the Frobenius loss and the parameter space A (a, k) the minimax rate
ru.m (A(a, k)) is (at most up to a log-factor) of order

vmimakd/n. 3.3)

4. Trace regression model

We first consider the trace regression model. For the sake of precision, we sometimes write M
for the ‘true parameter’ M that has generated equation (1.1).

For notational simplicity, we assume that n is even. Then we can split our observations in
two independent sub-samples of equal size n/2. In what follows, all probabilistic statements
are under the distribution P (with corresponding expectation written [E) of the first sub-sample
(Yl.“, Xi)i<n2 of size n/2 € N, conditional on the second sub-sample (Yl.“, Xi)i>n/2,1.. we have
P() =Py, 0 IV, Xi)imns2)-

4.1. A non-asymptotic confidence set in the trace regression model with
known variance of the errors

In this case, we can adapt the construction of [15]: we first unbiasedly estimate the risk
II M — My II% /(m1m2) of a minimax optimal estimator M computed from an independent sample
(e.g., via sample splitting) by a natural xz—statistic (see (4.1)). The construction of an unbiased
estimate requires knowledge of o2, but when available this estimate, enlarged by natural quantile
constants, serves as a good proxy for the diameter of the confidence set C,, centred at M.

More precisely, using only the second sub-sample (Yi‘r, X;)i>n/2 we compute the matrix lasso
estimator from Klopp [27] which achieves the bound (3.1) with probability at least 1 — 2/d.
Then, we freeze M and the second sub-sample. We define the following residual sum of squares
statistic:

R, = 2 3 (v —xi 81 - o2, (4.1)

n
i<n/2

Given a > 0, let £y.0.0 = 2U%/log(@—1) + % 2o = log(3/a) and, for a z > 0, a fixed

constant to be chosen, define the confidence set

A—M|>? . d z
C,,:{Aeleme:MSZ(anLz——i-M)}, 4.2)
mimy n ﬁ
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where

2

3||A — M |2
z u,ztzd/n).

_2 2
=77 (a,d,n,0,z) =240 max(
mimy

It is not difficult to see (using that x> <y + x//n implies x> < y 4 1/n) that

2
1Cnl

mim3

T 2 2
M] < M MOHF n zd+o Za/3 + sa,o,U (4.3)

mims n Jno

Markov’s inequality, (4.3) and that M is minimax optimal (up to a log-factor) with Py, -
probability of at least 1 — 2/d as long as m log(d) < n < d*log(d) imply that C, has an adap-
tive and up to a log-factor minimax optimal squared diameter with probability 1 — ' for any
a’ > 2/d. The following theorem shows that Cj, is also a honest confidence set.

EM(),UI:

Theorem 4.1. Let o > 0, o’ > 2/d and suppose that mlog(d) <n < d? log(d), that Assump-
tion 1.1 is satisfied and that o > 0 is known. Let C, = C, (Y, X, o, 0, U) be given by (4.2) with
7> 0. Then, for every n € N and every My € A(a, m),

2
IP>M0,U(]WO € Cn) > 1 — ?Ol _ 2e—zd/(11a2).

Hence, for any 1 < ko <k <m, Cy, is a honest and (up to a log-factor) adaptive confidence set at
the level a for the model A(a, k) ® {0} and adapts to the sub-model A(a, ky) ® {o} at level o'

The proof of Theorem 4.1 follows the lines of the proof of Theorem 2 in [15] and we omit it
here as the unknown variance results considered in the next section straightforwardly imply the
known variance results.

4.2. A non-asymptotic confidence set in the trace regression model with
unknown error variance

In this subsection we assume, that the precise knowledge of the noise variance o is not available,
although the quantities a, U are available to the statistician (i.e., upper bounds on the matrix
entries and on the noise). More precisely, we assume that o belongs to a known set ¥ C (0, U].
In applications of matrix completion this is usually a realistic assumption since the entries of
My are bounded: For example, in a movie recommender system (e.g., [3,21]) the entries of the
observations Y and consequently M and ¢; are bounded from above by the best possible rating
and below from the worst possible rating.

As the variance is now assumed to be unknown the construction from (4.2) is not feasible any-
more since we can not compute the test statistic (4.1). Instead we use a U-statistic approach: As
in the previous section, we use the second half of the sample, (Yl.tr » Xi)nj2<i<n, for constructing
a minimax optimal estimator M of M that fulfills ||]\;1||Oo < a. We use again the matrix lasso
estimator from Klopp [27] (with o replaced by its upper bound U) which achieves (3.1) with



Confidence sets for matrix completion 2437

probability at least 1 — 2/d. In order to construct the confidence set, we will be interested in
all pairs of observations (Y™, X;) and (Ystr , Xs) in the first sub-sample with 1 </ < s <n/2
such that X; = X (that is, independent measurements of the same matrix entry). For each
@i, j) € [m1] x [m2], let S(,‘,j) ={kefl,...,n/2}: Xi :e[(ml)ejr(mg)} ={a1<---< ap(l.'j)}
where p(; ;) is the number of times that we observe the entry (i, j). For all indices (i, j) such that
S, jy # 9, we form the | p(, jy/2] couples (X4, Xa,), (X3, Xay), ... etc. We dejnote by N the
set of all these pairs and let || = N be their number. Re-ordering, we can write (X, Zy, Z,/C) k<N
where X; = X; = X, for some couple (X;, X;) € N and Z; = Y[" and Z; = Y. That is, us-
ing two different samples of the same entry X; = X; = X, we form the observation triples
(f( ks Zis Z,’C). We use (f( ks Zis Z,’C)kf N to construct a U-Statistic to estimate the squared Frobe-
nius loss. Contrary to the construction in (4.1) this does not require knowledge of the variance of
the errors. We define:

R 1 Y . .

Ry = — Z(zk — (M, X)) (2, — (M, X)), (4.4)

N k=1

and we set IQN = 0if N =0. Note that

s 1M — Mo|1%
Epmyo[RNIM,N > 1] = ———. 4.5)
mimyp
We define the confidence set
, A=-ME .
Ch:={AcAla,m): ————— <Ry + 24N {, (4.6)
mimy

where the random quantile constant z,, v is defined as

U? +4a?
v No

The quantity N is random but we can bound it from below with high probability by n2/(64m m2)
as proven in the following lemma.

ZaN = ifN#0 and zon=4a>  if N=0.

Lemma 4.1. For n < mimj, we have with probability at least 1 — exp(—nz/(372m1m2)) that:

n2

> .
~ 64mimy

Markov’s inequality, (4.5), Lemma 4.1 and that M achieves the nearly optimal rate (3.1) with
P,,o-probability of at least 1 — 2/d imply for any k < m, any My € A(a, k), any o < U, any
a >2/d+ exp(—n2/(372m1m2)) and a large enough constant C = C(«, &', 0, a, U) > 0 that

C,|> kdlog(d
IPMO,(,<| nlf o hdlog( )> <d. 4.7)
mimsy n
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Since k is arbitrary this implies that C,, is a confidence set whose || - ||%,-diameter adapts to the
unknown rank of M, without requiring the knowledge of o € . The following theorem implies
that C,, is also a honest confidence set. Note that our result is non-asymptotic and holds for any
triple (n, m1,mp) € N3 as long as mlogd <n <mimj.

Theorem 4.2. Let a > 0 be given, assume mlog(d) < n < mimy and that Assumption 1.1 is
fulfilled. Let C, = C,(Y, X, &, U) as in (4.6). Then C, satisfies for any My € A(a, m) and any
=D

Pury,o (Mo € Cy) =1 —a.

Hence, for any o' > 2/d + exp(—nz/(372m1m2)) and any 1 <ko <k <m, C, is a honest
confidence set at level a for the model A(a, k) ® X that adapts (up to a log-factor) to the rank
ko of any sub-model A(a, ko) @ ¥ at level o'

5. Bernoulli model

In this section, we consider the Bernoulli model (1.3). As before, we let Pys  (and Ejs » for the
corresponding expectation) denote the distribution of the data when the parameters are M and o,
and we sometimes write M for the ‘true’ parameter M for the sake of precision.

5.1. A non-asymptotic confidence set in the Bernoulli model with known
variance of the errors

Here, we assume again that o > 0 is known. In case of the Bernoulli model, we are not able to
obtain two independent samples and cannot use the risk estimation approaches from the trace-
regression setting. Instead, we use the duality between testing and honest and adaptive confidence
sets laid out in Section 2. We first determine an upper bound for the minimax rate p = p, ;, of
testing the low rank hypothesis

Ho: M€ Aa, ko) against Hi: M e Aa,k), |M =A@, ko) |2 = 0% 5.

and then apply Theorem 2.2. As test statistic, we propose an infimum-test which has previously
been used by Bull and Nickl [6] and Nickl and van de Geer [33] in density estimation and high-
dimensional regression, respectively (see also Section 6.2.4. in [20]). Since 0% = Eeizj is known,
we can define the statistic

T,:= inf
AeAla,kg)

1
E Z B ((Yij — Aij)2 - 02)
" (5.2)

= inf
AcA(a, ko)

1
T Z((Yij ~ BijAij)* — Bijo?)
L]



Confidence sets for matrix completion 2439

and choose the quantile constant u, such that

1 2 2
}P’U(E ;Bij(eij —Ee}) >ua> <a/3. (5.3)
For example, using Markov’s inequality, we obtain
1 S 1 5y XU —0a?)
P, (EI;BU(EU —0 ) > ua) < i lzj:Varg(BU(eij —0c )) < T

50 g = 04/ (3(U2 — 02))/(2a) is an admissible choice.

Theorem 5.1. Let o > 12exp(—100d) be given. Consider the Bernoulli model (1.3) and the two
parameter spaces A(a, k) and A(a, ko), 1 < ko < k < m. Furthermore assume that Assump-
tion 1.1 is fulfilled, that o > 0 is known, that n > mlog(d) and consider the testing problem
(5.1). Suppose

mimokod
Pz (k)

where C = C(a,a, U, o) > 0is a constant. Then the test V,, := 11, >u,) where u is the quantile
constant in (5.3) and T, is as in (5.2) fulfills

sup  Eyo[W,]+ sup Emoll —V,] <c.
MeA(a,ko) MeAa,k),||M—Aa,ko)||%>p?

Now in order to apply Theorem 2.2 we use the soft-thresholding estimator proposed by
Koltchinskii et al. [29] which satisfies the oracle inequality (2.8) up to a log-factor in the trace
regression model. That this holds in the Bernoulli-model as well with [Py, -probability of at
least 1 — 1/d can be proven in a similar way and we sketch this in Proposition 8.1, removing the
log-factor by using stronger bounds on the spectral norm of the stochastic term (B;j€;;);, .

This and Theorem 5.1 imply, using Theorem 2.2, that there exist honest and adaptive confi-
dence sets in the Bernoulli model if the variance of the errors is known.

Corollary 5.1. Let a > 2/d and o' > 12exp(—100d) be given. Suppose that o > 0 is known,
that Assumption 1.1 is fulfilled and that n > mlog(d). Then, for any 1 < ko < k < m, there
exists a honest confidence set C, at the level a for the model A(a, k) ® {c}, that is, for any
My € A(a, k),

Puyo (Mo € Cp) 2 1 —a,
and C,, adapts to the sub-model A(a, ko) ® {0} at level o’.

5.2. The case of the Bernoulli model with unknown error variance

In this subsection we assume again, as in Section 4.2, that the precise knowledge of the error
variance o is not available. Whereas in this case for the trace-regression model the construction
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of honest and adaptive confidence set was seen to be possible, we will now show that this is not
the case for the Bernoulli model. We use again the duality between testing and confidence sets,
this time applying Theorem 2.1. The next theorem gives a lower bound for the minimax rate of
testing for the composite null hypothesis Hy: M € A(a, ko) of M having rank at most k¢ against
a rank-k alternative. To simplify the exposition, we will consider only square matrices (but see
the remark below) and also an asymptotic ‘high-dimensional’ framework where min(n, m) — oo
and kg = o(k).2 We formally allow for ko = 0O, thus including the ‘signal detection problem’” when
Hy: M =0,0°=1.

Theorem 5.2. Suppose that Assumption 1.1 is satisfied for some U > 2 and assume m = m| =
my. Furthermore, let k = ky, y, — 00 be such that 0 < k < m!/3 and k1/4./m/n < min(l, a)/2.
For 0 < ko < k satisfying ko = o(k) and a sequence p = py.m € (0,1/2) consider the testing
problem

Hy: M e A(a, ko), a?=1 s

(5.4)
Hi: Me A, k), ”M —A(a,ko)HzF > mzpz, o?=1 —4,02.
If as min(n, m) — oo,
k
p2=o<ﬂ), (5.5)
n
then for any test ¥ we have that
l"f[ Ey 1 [W E 1—\11] 1. (5.
min(lgln'})naoo sup M’l[ I+ Sup M, /1—4,02[ 1= (5.6)

MeA(a ko) MeA(a k), |M—Aa k) |%>m2p?

In particular, if ¥ C (0, U] contains the interval [«/1 — 41, 1] where T =lim Sup,, k1/4«/m/n,
then (2.6) holds for the choices Ay = A(a, ky) @ ¥, A= A(a, k) ® X and By =1, p* = p.

Using Theorem 2.1 this implies the non-existence of honest and adaptive confidence sets in
the model (1.3) if the variance of the errors is unknown and ko = o(+/k). In particular adaptation
to a constant rank ko, ko = O(1), is never possible if k — oo as min(m, n) — oco.

Corollary 5.2. Assume that the conditions of Theorem 5.2 are fulfilled and that ko = o(V/k).
Then for any a, o' > 0 satisfying 0 < 2a+a’ < 1 a honest confidence set for the model A(a, k) ®
Y at level a that adapts to the sub-model A(a, ko) ® X at level ' does not exist. In fact if
a < 1/3, we have for every honest confidence set C, for the model A(a, k) ® X at level a and
constant ¢ = c(a, U, ) that

3\/];
m

sup Eto.01Cal3 = ¢ .
(My,0)eAa,k)) Q% n

The above results are formulated for square matrices (m; = m») to keep the technicalities in
the proof at a reasonable level. One can adapt the proof of Theorem 5.2 to obtain a lower bound of
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the order p? > /km1m3/n which likewise leads to non-existence results for adaptive confidence
sets for non-square matrices in relevant asymptotic regimes of kg, k, m1, m.

6. Conclusions

We have investigated confidence sets in two matrix completion models: the Bernoulli model and
the trace regression model. In the trace regression model, the construction of adaptive confidence
sets is possible, even if the variance is unknown. Contrary to this, we have shown that the in-
formation theoretic structure in the Bernoulli model is different; in this case the construction of
adaptive confidence sets is not possible if the variance is unknown.

One interpretation is that in practical applications (e.g., recommender systems such as Net-
flix [3]) one should incentivize users to perform multiple ratings, to justify the use of the trace
regression model and the proposed U-statistic confidence set.

Our proof only shows that one can not adapt to general low rank hypotheses if the variance is
unknown. This covers the key cases where ko = 1 or more generally kg = o(v/k). It remains an
interesting open (and difficult) question whether the lower bound p in Theorem 5.2 is tight, but
the answer to this question does not affect the main conclusions of our results on the existence
of adaptive confidence sets in matrix completion problems.

7. Proofs

7.1. Proof of Theorem 2.2

Proof. Let W, be a test that attains the rate p with error probabilities bounded by min(«/2, &)
and let L = L(min(a/2, a’)) be the corresponding constant in (2.5). Let f denote an estimator
that satisfies the oracle inequality (2.8) with probability of at least 1 — «/2. Define a confidence
set

Coi={f e A:D(f, £) < K(ra(ADW, +ra(Ap)(1 — W)},

where K > 0 is a constant to be chosen.
We first prove that C, is adaptive: If f € A\ Ap there is nothing to prove, and if f € Ag we
have

P (ICulp > Kra(Ao)) =P}(¥, =1) <o,

For coverage, we investigate three distinct cases and note that

sup P’} (D(f, f) > Cra(A)) <a/2, (7.1)
feA

where C > 0 is as in (2.8) and where Ae {Ap, A}. Hence f is, by the oracle inequality, an
adaptive estimator.
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Then for f € Ap, by (7.1)

L(f ¢ Co) SPH(D(f, f) > Kra(Ap)) <a/2 <«

for K > C.
If fe A\ Agand D(f, Ag) > Lp,, then for K > C

P(f & Co) =P(D(f. f) > Kra(A), ¥y = 1) + P} (D(f, f) > Kra(A), ¥, =0)
<PY(D(f. f) > Kra(A)) + P (¥, =0) <a.

If f¢ A\ Ay but D(f, Ag) < Loy, then by the oracle inequality and since p, < C'r;(Ag) we
have with probability at least 1 — /2 for such f that

D(f. f) < C(D(f, Ao) + ra(A0)) < CLpu + Cry(Ag) < C(LC + 1)rn(Ao).
Thus, we still have
P (f ¢ Co) =PH(D(f, f) > Kra(Ap)) <e/2 <«

for K > C(LC' +1). O

7.2. Proof of Theorem 4.2

Proof. Recall that
9 2
17— Molly _

Eg,o0 (RyIN, N > 0) = (7.2)
nipmy
Thus using Markov’s inequality we have for N > 0 that
Ptp.o (Mo & Co|N. N > 0) <Py o (|RN — 7| > zanIN, N > 0)
- Vary, o (Ry|N, N > 0) (7.3)

2
Za,N
Using equation (7.2), we compute

~ 1 n o~ n o~
Varp,.o (Ry|N, N > 0) = NEMO,U(((zk — (M, X)) (Z, — (M, X;)) —r)’IN, N > 0)

! [(E(Mo — M, X1)*) + 207 + 0]

< —
- N
1[IV — Mo|*
= —[7L4 +20%r + 64]
N mimy
U*+8U%a% + 16a* 5
< :aza’N

- N
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since [| M — Mo||oo < 2a and where we define || M — Mol|*, := 3", ;(M;; — M;j)*. Hence, (7.3)
implies

Pary.oc (Mo ¢ Co|N > 0) <c.
Moreover, as || M — Mo||oo < 2a and zq 0 = 4a2, we have that P(Mq ¢ C,|N = 0) = 0. 0

7.3. Proof of Theorem 5.1

Proof. If M € A(a, ko), then by definition of the infimum and u, we have

1
EmoV]=Puyo(Th >uq) <Ps <E'; Bi; (elzj — 0-2) > ua) <a/3.

The case M € A(a, k), |M — A(a, ko)||% > p> requires more elaborate arguments. Let A* be a
minimizer in (5.2). Then

Epoll — W]

= ]P)M,O'(T;‘l < lUg)

=PC,<

For p > 8072a/kod/p = 8072a~/m1makod /n, we can apply Lemma 8.1 which yields a weaker
version of the Restricted Isometry Property (RIP). Namely, Lemma 8.1 implies that the event

(7.4)

B Jz_)

3" Bi[(Af — Mij) = 26i5(A% — M) + (e} — 0?)]
i

— 14
H= { E Bij(Aij — Mij)2 > EHA — M”%: VA e .A(a,k())}, M e Hy,
ij
occurs with probability of at least 1 — 2exp(—100d). We can thus bound (7.4) by

IP)U< sup |:2 Z Bijeij(Ajj — M;j)
AeA(a,ko)

iJ
+ 8

ZBij(eizj —0‘2)
L]

) Bij(Aij — Mij)?
_2ijBi 2J d j|>—ﬁua,3> (7.5)

. > Bij(Af; — M;;)?
2

— Jnug, E) (7.6)

+ 2exp(—100d).

The stochastic term (7.6) can be bounded using d? > 3n and that p is large enough. Indeed, on
the event E we have that

Yo Bij (A}, — Mij)?

. > pp*/4 = (1 +v2)/v3dug > (1 +v2)/nug
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for p > 2,/uqad/p which implies together with the definition of u, in (5.3) that (7.6) can be
bounded by «/3. For the cross term (7.5), we use the two following inequalities which, just as
before, hold on the event E VA € A(a, ko)

2 2
Zi,jBi./(/:ij—Mi./) > Vine and Zi,jBij(f;ij_Mi') 2p||Al—6M||%,'

Hence, using also a peeling argument, (7.5) can be bounded by

< |25 Bijeij(Aij — Mip)l 1 )
Z Py sup > —

2
AeA(a,ko), 23 <pllA—M |3 <25+ PIA—M|% 16

seN:pp2/2<25 <00

< > P ( sup

SEN: pp2/2<25 <00 AcA(a k), pl|A—M |3, <25+

= > P, (Z(s) > %)

seN:pp2/2<25 <00

Z Bjjeij(Aij — Mij)

iJ

2S
> E) (7.7)

where we set the corresponding probability to O if the supremum is taken over an empty set and
where we define

Z(s):= sup

Z Bjjeij(Aij — Mij)
AeA(a ko). pl|A—M |3 <25+!

iJ

Lemma 8.2 (with choices z = 162, §&j =¢€ij, t =2° and g =1 there) implies for p >
16 144U /kod/p and for 2° > pp?/2 that

s _2s
Py ( Z )= '
a( () > 16) —CXP<2097152U2+517120aU>

Hence, (7.7) can be upper bounded by

—25
Z exp
209715202 + 517 120aU
s€N:pp2/2<28 <00

2 (7.8)
<2exp| — be
- 209715202 + 517 120aU

<2exp(—100d)

for p > 16169U (a v U)+/d/p. Consequently (7.4) can be bounded by «/3 + 4exp(—100d) <
20 /3 since « > 12exp(—100d). O
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7.4. Proof of Theorem 5.2

Proof. Step I: Reduction to an easier testing problem between two distributions
Assume without loss of generality that m is divisible by k. Suppose

 wAym
P = Pnm= \/7_1 s

where v = v, is a sequence such that v = 0(1), and assume w.l.0.g. that 0 < v < 1. Moreover
wedenote u =2p.For 1 <i <m,1 <k <k,1<j<mlet

(7.9)

iid. iid. iid.
Bij ~ B(p) and UF'~"R and V;"< R,
where B(p) is a Bernoulli distribution of parameter p = n/m? and R is the standard Rademacher
distribution Pr(V; = £1) = 1/2. Let P be a uniform random partition of {1, ..., m} in k groups
of size m/k, and denote by K;, K; € {1,...,k}, the label of element j of P. Consider the
following testing problem:

Hy: M=0 and ¢ "R against
< (7.10)
Hl/: M;; =uU; JVj and GijNfs{l—M,-j}(l+Mij)/2+8{—1—M[j}(1_Mi,j)/z-

Note that the variance of ¢;; under Hy is 1 and the variance of the noise under Hj is
(1- Mij)2(1 +M;)/2+ (=1 - Ml-j)z(l -Mij))2=0-MjHA+M;j)=1- 4,02,

so the noise variables are homoscedastic across the (i, j)’s and |¢;j| <2 < U. Let 7 be the
distribution of M under H{ and write vp and vy for the distribution of ¥ under Hj and Hj,
respectively.

Since the prior M in (7.10) consists of & i.i.d. scaled Rademacher vectors that each form m/k
columns of M we have rank(M) < k and |M|cc = u = 2p < a for v small enough and since
k1/4«/m/n <a/2. Thus, M € A(a, k). Then, reordering the columns of M we have

| M = A, ko) [ = | Mora — At ko) | -

where Mg is a m x m matrix with the (((i — 1)m/k) + 1)th to the (im/k)th columns each given
by ur; where r; are i.i.d. Rademacher vectors of length m, i =1, ..., k. Then (as in the proof of
Theorem 1 in [16]) we transform Mg into the m x k matrix Moq P = u/m/kR consisting of
k column vectors u~/m/kr;,i =1, ..., k. The m x k projection matrix P consists of £ column
vectors, the ith having zero entries except for the indices s € [(({ — 1)m/k)+1, ... ,im/k] where
it equals 4/k/m. Hence, P is an orthonormal projection matrix and we obtain

|M = Aa, ko) |5 = |(Mora — ACa, ko)) P|| 3. = |uy/m/kR — A(ay/m/k, k, ko) | 7,

where we define

A(a, k, ko) :={A € R"*: || Al < a and rank(A) < ko}.
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Therefore, if opmin(A) denotes the minimal singular value of a matrix A, we have that

2
[M = Ata.ko)|[5 = "= |uR/v/m = At/ k. ko) |

2.2

> mk” (k — ko) (0min(R/+/m))” (7.11)
2.2 2.2

> T (omin(R/Vm)* = T =m0

-2

with probability going to 1, where we have used that k — ko > k/2 for m large enough (recall
ko = o(k)) as well as the variational characterisation of minimal eigenvalues combined with
Corollary 1 in [33] (with choices n =m, p =k; =k, 6 =0 and Anpi, = 1 there) to lower bound
o2. (R//m) by 1/2.

To conclude, 7 is concentrated on H; and the primed testing problem above is, asymptotically,
strictly easier than the testing problem (5.4) since H,; is contained in Hy and H| is asymptotically
contained in H;. Thus, we have for any test W by a standard lower bound (as, e.g., in (6.23) in
[20]) that for all n > 0

Epy¥ +supEg, (1 —-W) > IEH(;\II +EHI/(1 — W) —o(1)
H;

dxz(Vo,v1)> o).
n

Z(l—n)<1—

where d Xz(vo, v1) denotes the Xz-distance between vy and vy, which remains to be bounded.

Step II: Expectation over censored data
We define I = [m] x [m] and observe that the likelihood of the data under vy is

p p
L(Yy,... Ym,m) = l_[ ((1 - P)I{Y,'j=0} + 51{)’[_,:1} + EI{Y,-_,:—I})
(i, j)el
and that the likelihood of the data under vy is
L(Y1,...Ymm)

=Epm~r H (1= Py, =0y + p(1/2+ Mij /)Ny =1y + p(1/2 — Mij /21 (y;,=—1y).
G.j)el

Thus, the likelihood ratio £ between these two distributions is given by

L=FEy~x [] Q=0+ A +Mip)ly,—1)+ (1= Mip)ly,——n).
(i,j)el
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So we have that
dy2(vo, v1)* + 1

= EY’VVO £2

2
=Ey~y |:EM~71 1_[ (Liy, =0y + (1 + Mip) Ly, =1y + (1 — Mij) Ly, 1)
@pel (7.12)

=Eum mimn ]‘[[(1 —-p+ g(l + Mip)(1+Mj;) + g(l - M (1~ M{,-))}
ij

=Ky m~xn H[l + PMI'./'Mi/j]’
ij

where M’ is an independent copy of M.

Step III: Conditioning over the cross information
Let N, ,» be the number of times where the couple K ji=nkK ; =r’ occurs. That is,

m
Nr,r’ = Z 1{Kj:r,KJ’.:r’}'
Jj=1

~ /
We enumerate the elements inside these groups from 1 to N, .. We write er’r for the corre-
sponding enumeration of the V;. Setting N = (N, ,/),,,» and using the definition of the prior, we
compute

Em, mr~n H[l + pMi,/M,-/j]
i,j

NUVU’V’H H HHP”W ”(Ur)( )] (7.13)
i=lrre(l,. k?J

=Ex ] ZWw.

rr'efl,... k)2
where we define for any N = N, ,» >0
m N
I(N) =Exwxw [ [[][1+ pu?xiw; x{w;]
i=1j=1

and where (X;);<m, (X l’ i<m> (Wi)j<n, (Wi’ ) j<n are i.i.d. Rademacher random variables. More-
over, we set Z,. ,+(0) =0
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Step 1V: Bound on Ey ]—[”/E{l k2 LNy )

In order to bound Z(N) we use the following lemma proved below.

,,,,,

Lemma 7.1. Let N = N, ,». There exist constants Cy1, C2, C3 > 0 such that for v small enough

I(N) < exp(C1 v4N/m) exp(C2v4k2N/m2) exp(C3v4k2N2/m2).

(7.14)
Using (7.12), (7.13) and (7.14), we have that

d,2(vo, v+ 1

= IEN 1_[ I(Nr,r’)

rr'efl,... k)2
Cov*k? Civ*
<En [ (exp( 5 Z N, exp Z Ny
m m
rr' rr! (7.15)

. ( 1_[ exp(C3v4Nfr,k2/m2)>i|

rr'efl,... k)2

k2
= exp(C2v4Z + C1v4>EN|: 1_[ exp(C3v4k2Nr2’r//m2)},

ror'e{l,... k)2

since Zr’ » Ny.,» =m. We bound the expectation of the stochastic term in (7.15) using the fol-
lowing lemma proved below.

Lemma 7.2. There exists a constant C' > 0 such that for v small enough we have

En []‘[ exp(C3v*N?, k* /m2)] <1+2C"v* +exp(—m/k?). (7.16)
r,r’

Inserting (7.16) into (7.15) and summarizing all the steps, we obtain

0 <d,2(vo, v1)* < C(v* +exp(—m/k*)) = o(1)

for a constant C > 0 and therefore, letting n — 0,
d,2(vo, v1)
Eo[W]+supEp, [1 —¥]= (1 —n)|1— T —o(l)=1-o0(1)
H,

Proof of Lemma 7.1. Note that, by construction of P, we have that

N=Nr,r’ Sm/k
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since the number of j where M. ; corresponds to K; = r is bounded by m/k. As the product
of two independent Rademacher random variables is again a Rademacher random variable, we
have
m N
I(N) =Eg g H H[l + PquiR}],

i=1j=1

where R = (R),, R = (le )lN: | are independent Rademacher vectors of length m and N,
respectively. The usual strategy to use 1 +x < ¢* and then to bound iterated exponential moments
of Rademacher variables (as in the proof of Theorem 1 of [16]) only works when k = const, and
a more refined estimate is required for growing k, as relevant here.

We now bound Z(N) for a fixed N, m/k > N > 0. Using the binomial theorem twice we have

1 N 1 N m
I(N)=ER/|:|:§ n[1+pu2R}]+§n[1—pu2R}]j| :|
j=1

j=1

1

=5 2 ()3l et per e ]

1O <M) y <N) +Hm—s)(N—q) (m—s)g+s(N—g)
— Z Z [1 + puz]sq m—s —q [1 _ puz] m—s)q+s(N—q
2moN m\s/):

q
=1
=Eo s[[1+ puz]SQJr(me)(NfQ)[l B puz](m7S)Q+s(N,Q)]

2
with independent Binomial random variables S ~ B(1/2,m), O ~ B(1/2, N). If A := %,

we obtain
1 — pu?

SN+mQ—2S0Q
1+ puz} }

Z(N) :EQ,S[[l + puz]mN[

[14 pu?]"VEo[A"CEsASN20)]

[1+ pu?]"VEg[A" 22~ (AN—20) 4 1)"]

1 1 m
[1 +pu2]MN]EQ|:ANm/2 <EA(N/2—Q) + 514(—1\//2"‘Q)) ]

1 1 .
=[1- p2u4]mN/2EQ<§AQ—N/2 " EAN/2—Q) .

Now, we denote x := pu® = 4vk'/2/m < 1/2 for v small enough. Furthermore, we Taylor ex-
pand log(A) about 1 up to second order, that is,

log(A) =log(l —x) —log(1 +x) = —2x — %(i — i)xz = —2x — c(x)x2
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for & € [1/2, 1], & € [1, 3/2] and where c(x) € [0, 16/9] since x < 1/2. Hence, using also the
inequality e* < 14 x +x2/2 4+ x3/6 + 2x* we deduce

2 1 2
Z(N) < exp[-mNx*/2]Eg [E exp(—2x(Q — N/2) — c(x)(Q — N/2)x?)

+ 5 exp(=2x(N/2 = Q) — c(x)(N/2 - Q)xQ)]m
< exp[-mNx?/2]
‘Eg [%(1 —2x(Q — N/2) — c(x)(Q — N/2)x*
+(=26(Q = N/2) — c(x)(Q — N/2)x?)* /2
+(=2x(0 = N/2) — c(x)(Q — N/2)x%)* /6
+2(=2x(Q — N/2) — c(x)(Q — N/2)x2)4)
+ %(1 —2x(N/2= Q) —c(x)(N/2 = Q)x?
+ (—2x(N/2 = Q) — c(x)(N/2 — Q)x2)2/2
+ (—=2x(N/2 = Q) — c(x)(N/2 — Q)x2)3/6
+2(=2x(N/2 = Q) — c(x)(N/2 — Q)x2)4)i|m.
Since x < 1/2 and |[N/2 — Q|x < 1/4 there exist two constants ¢y = c(x) = c(x)/2 +

c(x)?/32 <1 and ¢ = c1(x) = 32 + 32¢(x) + 12¢(x)? + 2¢(x)? + c(x)*/8 < 140 such that
the last equation above can be bounded by

<exp[-mNx?/2]Ep[1 +2x*(Q — N/2)* +¢11Q — N/2|*x* + 210 — N /2|x*]"
< exp[—mNx?/2]E g exp[mx*(N —20)?/2 + cim(Q — N/2)*x* + com|Q — N/2|x?]

=Ep [exp(% (x*2Q - N)* - Nx2)> exp(c1m(Q — N/2)*x* + com|Q — N/2|x2)i|.

Using the Cauchy—Schwarz inequality twice, this implies that

I(N) < \/EQ[exp(msz((ZQ — N)2/N —1))][Eg[exp(cimx*(N —20)*/4)]
. EQ[exp(202m|2Q — N|)cz)]]l/4
=/ (Han"*amn'/4.
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Step 1: Bound on term (III)
Since Q ~ B(1/2, N), since (2Q — N) is symmetric and since 2camx? < 1/2 we have that

() =Eg[exp(2com |20 — N|x?)] < 2Ep[exp(2c2m(2Q — N)x?)]
= 2[exp(2comx?) + exp(—2czmx2)]N <21+ 8c§m2x4]N

Cov*kEN
m?2 ’

(7.17)
< exp(8c§m2x4N) < exp(

Step 2: Term (II)
We use mN2x?* < 64v4/m, (N — 2Q)2 <NZ%and N < m/ k to obtain
(D) <Eg[exp(64civ*N/m - (N —20)*/N)].

Since Q ~ B(1/2, N) the Rademacher average Z = (N — 2Q)/~/N is sub-Gaussian with sub-
Gaussian constant at most 1. It hence satisfies (e.g., equation (2.24) in [20]) for ¢ > 2
< eC3C_2

Eexp{Zz/cz} <1+

)

c2/4—1

which for v small enough and the choice ¢~ = 64¢{v* N /m implies for some constant C; that

4C1v*N
() <exp .
m

Step 3: Term (I)
‘We have that

_ 2
(I)=Eg [exp(mez[w — l:|)i|

A ) At 3 )

i#j,i,j<N

where ¢; are i.i.d. Rademacher random variables. If A = (a;;) is a symmetric matrix with all ele-
ments on the diagonal equal to zero, then for the Laplace transform of an order-two Rademacher
chaos Z=73; jaijeiej we have the inequality

1612||A |2
Eekz < eXp & , )\_ > 07
2(1 — 64| A|0)

see, for example, Exercise 6.9 on p. 212 in [5] with 7 = {A}. Now take A = (8;%;); j<n so that
we have ||A|| < N and for v small enough 16v2kN/m < 16v> < 1/128.

16v2k 16304k A% 163 v* k2 N?
E|exp Z gigj )| <exp <exp| ————
m L 2m2(1 — 1024v2k || A||/m) m2
i#j.i,j<N
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and therefore we conclude for a constant C3 > 0 that
(I) < exp(C3v*k*N?/m?). (7.18)

Step 4: Conclusion on Z(N)
Combining the bounds for (1), (II) and (I/II) with the bound on Z(N) we have that

Z(N) < exp(C1v*N/m) exp(C2v*k* N /m?) exp(C3v*k* N? /m?). O

Proof of Lemma 7.2. We bound the expectation by bounding it separately on two complemen-
tary events. For this, we consider the event £ where all N,.,» are upper bounded by 7 := 15m/ k2,
assumed to be an integer (if not replace it by its integer part plus one in the argument below).
More precisely, we define

E={Vr <k, Vr'<k:N, <t}

Note that {N, , > t} occurs only if the size of the intersection of the class r of partition P with
the class r’ of partition P’ is larger than 7. This means that at least T elements among m/k
elements of the class 7/, must belong to the class r. The positions of these T elements can be
taken arbitrarily within the m/k elements. For the first element, among those 7, the probability
to belong to the class r is m/ k. For the second element, this probability is m/ k or (m/ k) !
on. All these probabilities are smaller than (m/k)/(m —m/k + 1). Therefore we have

m/k m/k '
IEDN(Nr,r’>'f)§( . )(m)

(m/k)’

and so

(2/k)r<2‘r(m/k2)f -7 tfé‘_t,

where we use (’"t/ k) < (mﬁ—{‘)r and Stirling’s formula. Using a union bound this implies that the
probability of £ is lower bounded by 1 — k2 exp(—15m/k?).
We have on the event &

exp(C3v4N2,,k2/m2):|

<exp(C3v*k? - 152 (m/ K2) k2 /m?)
< exp(C/vA') <1+42Cv*

for C' =225C3 and for v small enough. Moreover, by definition of N, ,,, we have that N, ,» <
m/kand )", N, =m.Hence

r,r’

> N2, <km?/k*=m?/k

rr’
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which implies that on £€
IEN|:1{$C} l_[ exp(C3v4Nr%r/k2/m2)i|
rorell, .. k)2
< Pn(£€) exp(C3v*k) < k? exp(—15m/k* + C3v'k)
<k? exp(—3m/k2) < exp(—m/kz),
for v small enough and since k3 < m. Thus, combining the bounds on £ and §C, we have that

Eyx [l_[ exp(C3v4Nr2’r,k2/m2)i| < 14+2C"v* +exp(—m/k?). -
r,r’

8. Auxiliary results

8.1. Proof of Lemma 4.1

Proof. Assume that among the first n/4 samples, we have less than /8 entries that are sampled
twice - otherwise the result holds since n/8 > n? /64mimy for n < mimy. Then, among the first
n/4 samples, there are at least n/8 distinct elements of B, the set of all standard basis matrices
in R™1>™2that have been sampled at least once. We write S for the set of distinct elements of
{Xi}i<n/4 and obviously have |S| > n/8. Hence, by definition of the sampling scheme, we have
that

n
P(X; €8S) > , n/4<i<n/2.

8mimy
Furthermore, when sampling an element from & we have to remove this element from S as we
have to use the entry that is stored in S to form a pair of entries. Hence, the probability to sample
another element from S decreases and is bounded by

n—1
P(X; eS\{X;}|X;€S8) >
(X; €S\ {Xi}|X; €S) Sm1ma

forn/4 <i < j <n/2. We deduce by induction for j >i +k and k <n/2 —i — 1 that
n—k

8mimy

P(X; € S\ {Xi,.... Xisa} Xi, ..., Xisx €S) =

2
P(N>—
( _64m1m2>

which yields

v

2
n
P( Z 1{X'E‘S‘}Z64mlm2>

n/4<i<n/2

2

n
P E Z; > ,
< t= 64m1m2)

n/4<i<n/2

8.1

v
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where Z; can be taken to be Bernoulli random variables with success probability
2
n
i = Gam 1ma
P = mimy
nmimj

Then, Bernstein’s inequality for bounded random variables (see, e.g., Theorem 3.1.7 in [20]),
(8.1) and the estimates

) 3
E[ Zi] >
n/b<i<n/2 33mimy
which holds for n < m;my and
n2
V. Z;) <
ar( Z l) — 32mimy
n/4<i<n/2
imply that
(V2 g Yz1-p( % >
P(N > >1—P Z,-—E[ Zii|§ )
64mimy n/d<i<n/2 n/b<i<n/2 T2mymy
> 1 n?
—expl ——— ).
- P 372mmy U

8.2. Lemma 8.1

Lemma 8.1. Consider the Bernoulli model (1.3) and assume n > mlog(d). Then, with proba-
bility at least 1 — 2 exp(—100d) we have for any given M € A(a, m) that

Z(Bij —p)(Ajj — Mij)2
i,j

p
sup [ —EnMo—Au%]so,
AcA(a,m),||M—A| p>Ca+/(tank(A)V1)d/p

where C = 8072.

Proof. We have, using a union bound, that

> (Bij — p)(Ajj —MM'
i,J

IP’( sup |:
AeA(a,m),|M—A| p=>Cay/(rank(A)VD)d/p

= §||Mo - An%} > 0)

521?( sup [Z(Bij — P)(Aij — M;j)?
k=1

AeA(a,k),plM—A|;=C2a2kd Ll j

(8.2)

p
- EHA—MH%] >0>.
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Then, using a peeling argument each of the terms in (8.2) can be bounded by

> P( sup > (Bij — p)(Aij — Mij)*| > 25/2>
SeN:C2a2kd/2<2 <00 “ACAW@K). 2 <p|A-M| <2411
(8.3)
< Z P( sup Z(Bij — P)(Aij — M;j)? >2S/2)
seN:C2a2kd )2<25 <00 ASA@K), plA-M| <2+

with the convention that if the supremum is taken over an empty set the corresponding probability
is set equal to 0. For the cases where the supremum is not taken over an empty set, we apply
Lemma 8.2 (with choices §;; =1, =2,z=4, U =1 and t =2° there) and obtain for

Z(s) = sup > (Bij — p)(Aij — M;j)?
AeA(a. k), pllA-M||3. <2511 5

that we can bound

o _2S
P(Z(s) > 2°/2) < eXP(W)

Hence, (8.3) can be upper bounded by

> e -2 <2e Ckd < 2exp(—101d)
X —_— X — X el .
P\ 26035242 ) = <P\ T260352 ) =P
seN:Ca’kd [2<25 <0

The result then follows by noting that log(m) <d. (I

8.3. Lemma 8.2

Lemma 8.2. Consider the Bernoulli model (1.3). Suppose that &;; are independent random
variables with max;; |&;;| < U and that mlog(d) <n. Let z >0, g € {1,2}, M € A(a, m)
and 1 < kg < m be given. Finally, for C = 1009 suppose that t € Ry is such that t >
C?7(4a)*172U?kod /2 and that the supremum in

Z(@) = sup
AeAlako), plA—M|% <21

Z[(Bij%_[j —EBjj&ij)(Aij — M;j)?]

i,j

is not empty. Then,

t —t
P(Z(I) g ﬁ) = exp(322(8(241)2‘1—21122, +505(2a)7 Uﬁ/32)>' 84

Proof. We first bound EZ(¢) and then apply Talagrand’s [39] inequality. Using symmetrization
(e.g., Theorem 3.1.21 in [20]) and two contraction inequalities (e.g., Theorems 3.1.17 and 3.2.1
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in [20]), we obtain that

EZ(t) §2U]E( sup > Bijeij(Aij — Mip)* D
AcA(a ko). plA=MIIF <2t} j

52(4a)"_1U]E< sup ZBijSij(Aij_Mij) )
AcA(a.ko), pllA-M |3 <2tV ;
(8.5)
52(4a)‘1_1UIE< sup [(Zk, A — A0>;)
AeAa, ko), pllA—M |3 <2t

+2(4a) ' UE|(Zg, Ag — M)|

<8(4a)!~'U kot / pE| Zrll + 2(4a)! ' UE|(Zg, Ao — M),

where ¢;; are independent Rademacher random variables, X := (B;j¢;;);; and where Ag is
an arbitrary element in A(a, ko) such that p||Ag — M |2 < 2¢. Such an A exists as soon as
the supremum is not taken over an empty set. An extension of Corollary 3.6 in [1] to rectangular
matrices by self-adjoint dilation (e.g., Section 3.1. in [1]) implies (with choices &;; = B;j&i;/./P,

bij = /P, =3 and ¢ =max(max; /> blzj max; /> ]21 blzj) < /pd there) that
EZr| < e (2y/pd +42/log(d)) <86,/pd
since m log(d) < n. For the second term in (8.5), we have
E|(Zk, Ag — M)| < (Var((Zg, Ao — M)))"* = (pll Ao — M|13)'"* < V21,
Hence, for C21(4a)2‘1’2U2k0d/2 <t and since C = 1009 we have that
EZ(1) < 688(4a)7~ U /kotd + 2(4a)?~'U~/21 <311/(32/7). (8.6)

We now make use of the following inequality due to Talagrand [39], which in the current form
with explicit constants can be obtained by inverting the tail bound in Theorem 3.3.16 in [20].

Theorem 8.1. Let (S, S) be a measurable space and let n € N. Let Xy, k =1, ...,n be inde-
pendent S-valued random variables and let F be a countable set of functions f = (f1,..., fu):
S" — [—K, K" such that E fi,(Xy) =0forall f € Fandk=1,...,n. Set

= sup Z fu(Xp).
feF

Define the variance proxy

=2KEZ + sup ZE (fe(X0)’]:
fEF k=1
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Then, for all t > 0,

2
P(Z-EZ=1) < exp(m)'

The functional A — |[A — M ||%, is continuous on the compact set of matrices {A € A(a, ko) :
|A—M ||2 < 2t}, hence by continuity and compactness the supremum is attained over a count-
able subset. Thus, we may apply Talagrand’s inequality to Z(¢). We have for our particular case,

since sup s 7 | f(X)| = sup p¢ ru(—ryy f (%), that
Xij = Bijéij — EBij&ij, S =[—2U,2U],
F={f:5mm = [220a)70,20a) U] "™, £ (Xij) = (<1 Xij (Ayj = M),
A€ Ada, ko), plA—M|F <2t,1€{0,1}}
and moreover

sup SUE[((~ 1) (Bij&; — EByj&i)(Aij — M)’

(A.D),AcA(a.ko), pl A—M||3.<2t,1€{0,1} § ;

< (2a)%17? sup ZVar(Bijfij)(Aij — M;j)?
AeA(a.ko), pll A—M||3.<21

< (2a)%72y? sup > p(Ayj — Mij)* <2Q2a)*172U
AcA(a.ko), pllA-M||3.<21

Therefore, using our previous estimate in (8.6) for EZ(¢) as well, we have for the variance proxy
Vinim, that

Vinymy < 2(2a)*972U%1 4+ 31Q2a) Ut/ (84/7).
Hence, using (8.6) and Talagrand’s inequality, we obtain

4 t
IP’(Z(t) > ﬁ) < P(Z(t) —EZ(t) > W)

—t
=< eXP<322(8(2a)2q—2U2z+505(2a)‘7U«/E/32)>. .

8.4. An oracle estimator in the Bernoulli model

Here we prove that the soft-thresholding estimator proposed by Koltchinskii et al. [29] for the
trace-regression setting fulfills the oracle inequality (2.8) in the Bernoulli model.
Their estimator is defined as

. (Al 2
M € arg min — — (Y, A) + 1|All« ), (8.7)
AeRm1xmy mimy n
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where X is a tuning parameter which we choose as

A=3<3«/§0\/4;1_;/2_CU)’

where C > 0 is the constant in Corollary 3.12 in [1].

(8.8)

Proposition 8.1. ConsidAer the Bernoulli model (1.3). Assume n > mlog(d) and that Assump-
tion 1.1 is fulfilled. Let M be given as in (8.7) with a choice of A as in (8.8). Then, with Py, -
probability of at least 1 — 1/d we have for any My € A(a, m) that

N 0
IM = Molly _ ¢ (IIMo AIIF+Cdrank(A)>

mimy T AcRm1xmy minmy n
My — Aa, k)3 dk
<t <|| 0 — A( )||F+C_)
ke{0,...,m} mimy n

for a constant C = C(a,o,U) > 0.

Proof. Going through the proof of Theorem 2 and Corollary 2 in [29] line by line, we see that
we only need to bound the spectral norm of the matrix

1
Y= ;(Bijeij)i,j

by A/3 with high probability. Using self-adjoint dilation to generalize Corollary 3.12 and Re-
mark 3.13 in [1] for rectangular matrices (with choices ¢ = 1/2, 6, = U and

mj my
&:max(max E E,,Bizjel.zj,max E IE,,B%G%):U n/m
J ‘ i °
i=1 j=1

(|2

n
D_eiki
i=1

there), we obtain

2
n —t
3\/5 —+t] <d _——
> o,/m+ )_ exp( C1U2)

for a constant C; > 0. Choosing t = «/2C1U\/% and using that n > mlog(d) yields that &
occurs with P, -probability at least 1 — 1/d. ]
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