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Abstract

The matrix completion problem consists in reconstructing a matrix from a sample of entries, possi-
bly observed with noise. A popular class of estimator, known as nuclear norm penalized estimators,
are based on minimizing the sum of a data fitting term and a nuclear norm penalization. Here, we
investigate the case where the noise distribution belongs to the exponential family and is sub-
exponential. Our framework allows for a general sampling scheme. We first consider an estimator
defined as the minimizer of the sum of a log-likelihood term and a nuclear norm penalization and
prove an upper bound on the Frobenius prediction risk. The rate obtained improves on previous
works on matrix completion for exponential family. When the sampling distribution is known,
we propose another estimator and prove an oracle inequality w.rt. the Kullback-Leibler prediction
risk, which translates immediately into an upper bound on the Frobenius prediction risk. Finally,
we show that all the rates obtained are minimax optimal up to a logarithmic factor.

Keywords: Low rank matrix estimation; matrix completion; exponential family model; nuclear
norm

1. Introduction

In the matrix completion problem one aims at recovering a matrix, based on partial and noisy ob-
servations of its entries. This problem arises in a wide range of practical situations such as col-
laborative filtering or quantum tomography (see Srebro and Salakhutdinov (2010) or Gross (2011)
for instance). In typical applications, the number of observations is usually much smaller than the
total number of entries, so that some structural constraints are needed to recover the whole matrix
efficiently.

More precisely, we consider an m; X my real matrix X and observe n samples of the form
(Yi,wi)q, with (w;)I; € ([m1] x[m2])™ an i.i.d. sequence of indexes and (Y;)?_; € R" a se-
quence of observations which is assumed to be i.i.d. conditionally to the entries (X,,)" ;. To
recover the unknown parameter matrix X, a popular class of methods, known as penalized nuclear
norm estimators, are based on minimizing the sum of a data fitting term and a nuclear norm pe-
nalization term. These estimators have been extensively studied over the past decade and strong
statistical guarantees can be proved in some particular settings. When the conditional distribution
Y;]X'wi is additive and sub-exponential it can be shown that the unknown matrix can be recovered
efficiently, provided that it is low rank or approximately low rank, see Candes and Plan (2010);
Keshavan et al. (2010); Koltchinskii et al. (2011); Negahban and Wainwright (2012); Cai and Zhou
(2013a); Klopp (2014). In that case, the prediction error satisfies with high probability
IX - X2, o ((m1 + mg) tk(X) log(my + m2)>

n

D

mima
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with X denoting the estimator, || - |2 the Frobenius norm and rk(-) the rank of a matrix. It has been
proved by Koltchinskii et al. (2011) that this rate is actually minimax optimal up to a logarithmic
factor.

Although very common in practice, discrete distributions have received less attention. The anal-
ysis of a logistic noise was first addressed by Davenport et al. (2012). It was later considered by Cai
and Zhou (2013b), Lafond et al. (2014) and Klopp et al. (2014) who have shown that the prediction
error is also of the order of (1), for log-likelihood estimators, regularized with nuclear norm. Gu-
nasekar et al. (2014) have investigated the case of distributions belonging to the exponential family,
which is rich enough to encompass both continuous and discrete distributions (Gaussian, exponen-
tial, Poisson, logistic, etc.). They provide (see their Corollary 1) an upper bound for the prediction
error when the noise is sub-Gaussian and the sampling uniform. However, this bound is of the form

HX - X 32 _o <a*2 (m1 + ma) tk(X) log(mq + m2)>
n

mims ’
where o*? is of the order m ms (see Remark 7 below for more details). Therefore, the obtained
rate does not match (1), which suggests that there may have some room for improvement.

In the present work, we further investigate the case of exponential family distributions and show
that under some mild assumptions, the rate (1) holds and is minimax optimal up to a logarithmic
factor. A matrix completion estimator, defined as the minimizer of the sum of a log-likelihood term
and a nuclear norm penalization term, is first considered. Provided that the noise is sub-exponential
and the sampling distribution satisfies some assumptions controlling its deviation from the uniform
distribution, it is proved that with high probability, the prediction error is upper bounded by the
same rate as in the Gaussian setting (1). It should be noticed that the sub-exponential assumption is
satisfied by all the above mentioned distributions.

When the additional knowledge of the sampling distribution is available, we consider another
estimator, which is inspired by the one proposed by Koltchinskii et al. (2011) in the additive sub-
exponential noise setting. We adapt their proofs to the exponential family distributions and show
that this estimator satisfies an oracle inequality with respect to the Kullback-Leibler prediction risk.
The proof techniques involved are also closely related to the dual certificate analysis derived by
Zhang and Zhang (2012). With high probability, an upper bound on the prediction error, still of the
same order as in (1), is derived from the oracle inequality . Finally, it is proved that the previous
upper bound order is in fact minimax-optimal up to a logarithmic factor.

The rest of the paper is organized as follows. In Section 2.1, the model is specified and some
background on exponential family distributions is provided. Then we give an upper bound for
log - likelihood matrix completion estimator in Section 2.2 and an oracle inequality (also yielding
an upper bound) for the estimator with known sampling scheme in Section 2.3. Finally, the lower
bound is provided in Section 2.4. The proofs of the main results are gathered in Section 3 and the
most technical Lemmas and proofs are deferred to the Appendix.

Notation

Throughout the paper, the following notation will be used. For any integers n, my,mg > 0, [n] :=
{1,...,n}, m1 V my := max(my,my) and m; A mgy := min(mq,mz). We equip the set of
m1 X me matrices with real entries (denoted by R"**"™2) with the Hilbert-Schmidt inner product
(X|X') := tr(X " X'). For a given matrix X € R™>™2 we write || X ||o := max; ; | X; ;| and for
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any s > 1, we denote its Schatten s-norm (see Bhatia (1997)) by

mi1/Amsa 1/'3
|U,s = < Z UzS(X)> ’

=1

X

with o (X) the singular values of X, ordered in decreasing order. We use the convention || X ||, oc =
01(X). For any vector z := (z;);—,, diag(z) denotes the R"*" diagonal matrix whose diagonal
entries are z1,--- ,2z,. For any convex differentiable function G : R — R and z,2’ € R, the
Bregman divergence of G is denoted by

dg(z,2") == G(z) — G(2') — G'(2")(z — 2') . (2)

2. Main results

2.1. Model Specification

We consider an unknown parameter matrix X € R"1*™2 that we aim at recovering. Assume that
an 7.1.d. sequence of indexes (w;)!"_; € ([m1] X [mg])"™ is sampled and denote by II its distribution.
The observations associated to this sequence are denoted by (Y;);"; and assumed to follow a natural
exponential family distribution, conditionally on the X entries, that is:

}/Z|sz ~ EXph,G(Xwi) = h(Yl) eXp (XWZY; - G(sz)) ) 3)

where h and G are the base measure and log partition functions associated to the canonical repre-
sentation. For ease of notation we often write X; instead of Xwi.

Given two matrices X!, X? € R™ *™2_ we define the empirical and integrated Bregman diver-
gences as follows

n
DL, X?) = 3 dg(X1,X7) and DX, X*) =E[DR(X, X)) @)
i=1

Note that for exponential family distributions, the Bregman divergence dg(+, ) corresponds to the
Kullback-Leibler divergence. Let Py1 (resp. Px2) denote the distribution of (Y7, w;) associated
to the parameters X L (resp. X?); then DE(X LX 2) is the Kullback-Leibler divergence between
Px1 and Py2 conditionally to the sampling, whereas Dg(X 1. X?2) is the usual Kullback-Leibler
divergence.

As mentioned in introduction, the exponential family encompasses a wide range of distributions,
either discrete or continuous. Some information on the most commonly used is recalled below.

Remark 1 On its domain G admits derivatives of all orders, which can be used to compute its
moments (see (Wainwright and Jordan, 2008, Proposition 3.1)). In particular, E[Y;| X;] = G'(X;)
and Var|Y;| X;] = G"(X;) hold.
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Distribution Parameter « G(z)
Gaussian: N (u, 0?) (o known) w/o a2x? )2
Binomial: 3" (p) (N known) | log(p/(1 —p)) | Nlog(1 + e%)
Poisson: P(\) log(\) e’
Exponential: £()\) - —log(—x)

Table 1: Parametrization of some exponential family distributions

2.2. General Matrix Completion

In this section, we provide statistical guarantees on the prediction error of a matrix completion
estimator, which is defined as the minimizer of the sum of a log-likelihood term and a nuclear norm
penalization term. For any X € R™*™2_denote by ®v(X) the (normalized) conditional negative
log-likelihood of the observations:
n
1
Dy(X) = —— > (log(h(¥s)) + X;Yi — G(Xy)) - )
i=1

For v > 0 and A > 0, the nuclear norm penalized estimator X is defined as follows:

X = arg min dY(X), where @3 (X) = Dy(X) + M| X1 - (6)

XER™X™M2 || X||oo<y

The parameter A controls the trade off between fitting the data and privileging a low rank solution:
for large value of A, the rank of X is expected to be small. The parameter y is an upper bound on
the absolute value of X entries. For example, in recommender system applications analyzed with a
Gaussian distribution, - is simply the maximum rating.

Before giving an upper bound on the prediction risk || X — X ||
the noise and sampling distributions need to be introduced.

2

o2 the following assumptions on

H1 The function x — G(z), is twice differentiable and strongly convex on [—+,~|, so that there
exists constants 0., 5~ > 0 satisfying:
[

F< G (@) <77, @)

forany x € [—~,7].

Remark 2 Under H 1, for any x,x' € [—~,7], the Bregman divergence satisfies ggf(x —2/)? <
2dg(x,2') < 72 (x —a')2

Remark 3 Ifthe observations follow a Gaussian distribution, the two convexity constants are equal

to the standard deviation i.e., 0., = g, =0 (see Table 1).

For the sampling distribution, one needs to ensure that each entry has a sampling probability,
which is lower bounded by a strictly positive constant, that is:

H2 There exists a constant p > 1 such that, for all m1, mo,

min
k‘E[mﬂ, lE[mz}

Ty > 1/(pmama) ,  where = P(w = (k,1)) . ®)
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Denote by R, = > . (resp. C; = "', ;) the probability of sampling a coefficient from
row k (resp. column [). The following assumption requires that no row nor column should be
sampled far more frequently than the others.

H3 There exists a constant v > 1 such that, for all m1, mo,

max (R, C)) < v

k,l mi Ama
Remark 4 In the classical case of a uniform sampling, i = v = 1 holds.

We define the sequence of matrices (E;)?"_;, whose entries are all zeros except for the coefficient
(w;) which is equal to one i.e., F; = eki(egi)T with (k;, l;) = w; and (eg),, (resp. (€))%
being the canonical basis of R™* (resp. R"2). Furthermore, for (¢;);*; a Rademacher sequence

independent from (w;, Y;)?_;, we also define

1 n
Ski=— &b, ©9)
i3
and use the following notation
d=mi1+mg, M=miVme, m=miAms. (10)

With these assumptions and notation, we are now ready for stating our main results.

Theorem 5 Assume H1, H2, | X||ooc < v and X\ > 2|V @y (X)||s.co. Then with probability at
least 1 — 2d~! the following holds:

X - X|2 22 2 [log(d
w < Cu2 max (mlmg rk(X) <4 + (EHZRHU’OO)2> ,l ﬂ ,
mims2 gy 7 n
with X g and d defined in (9) and (10) and C' a numerical constant.
Proof See Section 3.1. |

In Theorem 5, the term E||X ||+ only depends on the sampling distribution and can be upper
bounded using assumption H3. On the other hand, the gradient term ||V ®y(X)||s.cc depends
both on the sampling and on the observation distributions. In order to control this term with high
probability, the noise is assumed to be sub-exponential.

H4 There exist a constant 5, > 0 such that for all x € [—v,~] and Y ~ Expy, (z):

E [exp ('Y‘s(w”)] <e . (an

Then Theorem 5, H3 and H4 yield together the following result.
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Theorem 6 Assume HI, H2, H3, H4,

_ o [0
n > 2log(d)my ! max ((;élogz(é7 0—2), 1/9) ,
gl Ly

and take A = 2c¢,G-+/2v1og(d)/(mn), where c, is a constant which depends only on .. Then
with probability at least 1 — 3d ™" the following holds:

X — X2 - =2 - 2
I 152 < €y max [(CW? N 1) vik(X)Mlog(d) »* /log(d)] |
m1mza [o n o’ n

~

XHoog’Y’

with C' a numerical constant.

Proof See Section 3.2. |

Remark 7 When  is treated as a constant and n is large, the order of the bound is

IX = Xl52 _ , (tk(X)M log(d)
mims n ’

which matches the rate obtained for Gaussian distributions (1). Matrix completion for exponen-
tial family distributions was considered in the case of uniform sampling (i.e., p = v = 1) and
sub-Gaussian noise by Gunasekar et al. (2014). They provide the following upper bound on the
estimation error

X — X2, 0 <a*2rk(X)Mlog(d)>

mi11ms9 n

with o* satisfying o > /mima||X|so. Therefore, Theorem 6 improves this rate by a factor
mims.

Remark 8 In the proof, the noncommutative Bernstein inequality for sub-exponential noise is used
to control |V @y (X)||s.co. However, when the observations are uniformly bounded (e.g., logistic
distribution), a uniform Bernstein inequality can be applied instead, leading in some cases to a
sharper bound (see Koltchinskii et al. (2011) and Lafond et al. (2014) for instance).

2.3. Matrix Completion with known sampling scheme

When the sampling distribution II is known, the following estimator can be defined:

X = arg min (X)) + A X o with, (12)
XeR™M1XM2 || X || 0o <7y

P = @) - A g G(x) s [ER OO0

In the case of sub-exponential additive noise, Koltchinskii et al. (2011) proposed a similar estimator
and have shown that it satisfies an oracle inequality w.r.z. the Frobenius prediction risk. Note that
their estimator coincides with (12) for the particular setting of Gaussian noise. The main interest of
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computing X instead of X, when the sampling distribution is known, lies in the fact that a sharp
oracle inequality can be derived for X. This powerful tool allows to provide statistical guarantees
on the prediction risk, even if the true parameter X does not belong to the class of estimators
i.e., when || X | < ~ is not satisfied. In this section, it is proved that X satisfies an oracle inequality
w.r.t. the integrated Bregman divergence (see Definition (4)), which corresponds to the Kullback-
Leibler divergence for exponential family distributions. An upper bound on the Frobenius prediction
risk is then easily derived from this inequality.

Theorem 9 Assume HI, H2 and A > ||V ®(X)||.00. Then the following inequalities hold:

DE(X,X) < inf DX, X) +2)\|| X 13
al )< XGlexmz,HXHooS’y( ol ) | Hg’l) (13
and
1++2 ?
DY(X,X) < inf DE(X, X) + ( ks > %mlmw rk(X) (14)
XER™ X2 || X [|oo <y 2 ford

Proof The proof of Theorem 9 is an adaptation (to exponential family distributions) of the proof by
Koltchinskii et al. (2011), which uses the first order optimality conditions satisfied by X. Similar
arguments are used by Zhang and Zhang (2012) to provide dual certificates for non smooth convex
optimization problems. The detailed proof is given in Appendix C.1. |

When || X ||oo < 7, the previous oracle inequalities imply the following upper bound on the predic-
tion risk.

Theorem 10 Assume HI, H2 and \ > ||V ®}(X)||5.00 and || X || oo < 7. Then the following holds:

X - X2 142)° 4
IX = Xlon 412 min (L+V2) mimy rk(X), — M| X |01 | - (15)
mymsg 2 al a? ’
Proof Applying Theorem 9 to X = X and using H2 and H1 yields the result. |

As for the previous estimator, the term ||V ®(X)||5 o is stochastic and depends both on the
sampling and observations. Assuming that the sampling distribution is uniform and that the noise is
sub-exponential allows to control it with high probability. Before stating the result, let us define

L,:= sup |G'(z)|. (16)
ZBG[—’Y,’V]

Theorem 11 Assume that the sampling is i.i.d. uniform and || X || oo < . Suppose HI, H4, and

52 m
n > 2log(d)m max <072 log? (., /02),8/9> .
g Ly
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Take A = (cy0~ + c*L)+/21og(d)/(mn), where c, is a constant which depends only on 0, L., is
defined in (16) and c* is a numerical constant. Then, with probability at least 1 —2d~" the following
holds:

AQ

IX - XI2, _ (a + L7>2 k()M log(d)

mimso o2 n

5

with C' a numerical constant.

Remark 12 For simplicity we have considered here only the case of uniform sampling distributions.
However if we assume that the sampling satisfies H2, H3 and that there exists an absolute constant
p such that m,; < p/\/mima for any mi,mg € R, then it is clear from the proof that the same
bound still holds for a general i.i.d. sampling, up to factors depending on i, v and p.

Remark 13 If «y is treated as a constant, the rate obtained for the Frobenius error is the same as
in Theorem 6. If not, the two rates might differ because the rate of Theorem 11 depends on the
constant L., which does not appear in Theorem 6. Note in addition that Remark 8 also applies to
Theorem 11.

Proof The proof is similar to the one of Theorem 6, see Appendix C.2. |

2.4. Lower Bound

It can be shown that the upper bounds obtained in Theorems 6 and 11 are in fact lower bounds (up to
a logarithmic factor) when  is treated as a constant. Before stating the result, let us first introduce
the set F(r, y) of matrices of rank at most  whose entries are bounded by :

F(r,y)={X € R™*™ : rank(X) <7, || X|oo <7} -

The infimum over all estimators X that are measurable functions of the data (w;, ¥;)™; is denoted
by inf X

Theorem 14 There exists two constants ¢ > 0 and 0 > 0 such that, for all mi,mo > 2,1 < r <
m1 A mae, and vy > 0,

X - X|3 M
inf sup Py <H|2>cmin{’y2 r}) >0,

_ ’ ~2
X XeF(ry) ma1m2 noy

Remark 15 Theorem 14 provides a lower bound of order O(Mr/(n3). The order of the ratio
between this lower bound and the upper bounds of Theorem 6 is (c- (6’7/g7)4 log(d) v 6’3). Ifvis
treated as a constant, lower and upper bounds are therefore the same up to a logarithmic factor.

Proof See Section 3.3. [ ]
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3. Proofs of main results

For X € R™1*™2 denote by S;(X) C R™! (resp. S2(X) C R™2) the linear spans generated by left
(resp. right) singular vectors of X. Let Psf( x) (resp. PSQJ_ (x)) denotes the orthogonal projections

on Si-(X) (resp. S5-(X)). We then define the following orthogonal projections on R X2

Px : X = Psix)X Psy(xyand Px : X = X — Px(X). (17)

3.1. Proof of Theorem 5
From Definition (6), <I>g\/()2' ) < ®3-(X) holds, or equivalently
DX, X) £ AIX o — K o) — (Vv (X) | X — X) |

with DZ(-,-) defined in (4). The first term of the right hand side can be upper bounded using
Lemma 16-(iii) and the second by duality (between || - ||,,1 and || - ||»,00) and the assumption on A,
which yields

PO N _ 1 A _
DB X) £ (1P (E = Xl + 51X = Xl )

Using Lemma 16-(ii) to bound the first term and Lemma 17-(ii) for the second, leads to

DA(X, X) < 3\/2rk(X)| X — X|lo2 - (18)
On the other hand, by strong convexity of G (H1), we get

L 1< _
AV(X,X) = 52()(1' —-X;)* <
i=1

We then define the threshold 3 := 8ey?/log(d)/n and distinguish the two following cases.
Casel If Zkle[ml]x[mg} wkl(Xkl — X17)? < B, then Lemma 18 yields

D(X, X) . (19)

Rl

IX — X113

mimsa

< pp - (20)

Case2 If Zkle[ml]x[mﬂ ﬂ'kl(Xkl — Xx)? > B, then Lemma 17-(ii) and Lemma 18 combined
together give
X € C(B,32umimark(X)), where C(-, -) is the set defined as

C(ﬁ,?“) — {XEleXTnQ‘ HX_XHU,I < \/TE [A%;(X,X)},E[A%/(X,X)] >,3} . (21)

Hence, from Lemma 19 it holds, with probability at least 1 — (d — 1)~ > 1 — 2d~!, that

_ 1 _ _
AL (X, X) > E [AY (X, X)] — 512e(E||2g|l0,00) > mima tk(X) . (22)
Combining (22) with (19), (18) and Lemma 18 leads to
X -X|? 6 —|X-X
| 72 512e(E|[SRl|o00)pmima tk(X) < —5\/2mymsy rk(X)w . (23)
2pmame as mims

Using the identity ab < a?+b?/4 in (23) and combining with (20) achieves the proof of Theorem 5.
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Lemma 16 For any pair of matrices X, X € R™*™M2 ye haye
(i) 11X + P (X))ot = 1 Xloy + [ P (X) o1 -

(ii) || Px(X)|lon < /27k(X)| X]|
(iii) | X]loq = 1 Xlos < | Px(X = X)|lo1 -

0,2

Lemma 17 Let X, X € Rmxm2 satisfying || X |l < v and | X|loo < 7. Assume that A >
2|V @y (X)|,00 and ®3-(X) < ®3(X). Then

(i) | P2 (X = X)lloq <3P (X = X))o
(ii) | X = Xl < 44/20k(X) (X = X)[lo2 -

Lemma 18 Under H2, for any X € R™*™2 it holds

Z T (X — Xig)? > X - X

kl€ma]x [ma)] pim e

2
0,2

Lemma 19 For B = 8ey?\/log(d)/n, with probability at least 1 — (d — 1)~%, we have for all
X eC(B,r):

E [A (X, X)]

A3 (X, X) —E[AV(X, X)]| < +16e(E||Srlo,00)? 7

with C(B,r) defined in (21).

Proof Lemmas 16 and 17 are proved in Appendix A. Lemma 18 follows directly from H2. See
Appendix B for the proof of Lemma 19. |

3.2. Proof of Theorem 6

Starting from Theorem 5 one only needs to control E(||Xg||s,c0) and ||V @y (X)||».00 to obtain the
result.

Control of E(||Xg|/s,00): One can write X := n~ 131 | Z;, with Z; := ¢;E; which satisfies
E[Z;] = 0. Recalling the definitions Ry, = > ;"% m; and C; = Y !, 7w for any k € [mq],
[ € [ms], one obtains

E < ||diag((Re)i2 )| o <

1%
oo S m

; (24)

1 n
~Y %z
=1

0,00

where H3 was used for the last inequality. Using a similar argument one also gets | E[>_"_; Z;' Zi]||5.00/7 <
v/m. Hence applying Lemma 20 with U = 1 and 0% = v/m, for n > mlog(d)/(9v) yields

« [2evlog(d
E (S kllon] < ¢y 22208 25)
mn

10
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with ¢* a numerical constant. B B
Control of |V &y (X)||s00: Letusdefine Z; := (Y; — G'(X;))E;, which satisfies V &y (X) :=
n~ 13" | Z! and E[Z]] = 0 (as any score function) and

n

1 1 "
0% i= max (nIIE[Z(Zé)TZé]I 7,00 5 ;HE[Z Zé(Zé)T]IIa,oo> :
i=1 =1

Using H4, a similar analysis yields 0%, < 631/ /m. On the other hand, maxy, ; (R, C;) > 1/m and
E[(Y; — G'(Xy))?] = G"(X;) > o2 gives 0%, > o2 /m. Applying Proposition 21 for ¢ = log(d)
gives with probability at least 1 — d~!

2log(d)

n

9 5’}/ log(

IV ©y(X) 000 < ¢ max {Jm/l//m 57;/%)210%@} 28
=Y

n

with ¢, which depends only on ¢,,. By assumption on 7, the left term dominates. Therefore taking A
as in Theorem 6 statement yields A > 2||V ®y (X)||,,0o with probability at least 1 — d~!. A union
bound argument combined to Theorem 5 achieves Theorem 6 proof.

Lemma 20 Consider a finite sequence of independent random matrices (Z;)1<i<n € R"™*™2
satisfying E[Z;] = 0 and for some U > 0, || Z;|| 5,00 < U foralli=1,...,n and define

1 n
= E[Z:Z]]
n “

=1

O'% ‘= max )

1 n
- ZE[Z;ZJ
(o

0,00

Then, for any n > (U?log(d))/(90%) the following holds:

0,00

n

5

i=1

2elog(d)

)

E SC*UZ

0,00

with ¢* =1+ /3.
Proof See Klopp et al. (2014)[Lemma 15]. |

Proposition 21 Consider a finite sequence of independent random matrices (Z;)1<i<n € R"™1*™2
satisfying B[ Z;] = 0. For some U > 0, assume

inf{o0 > 0 : E[exp(||Zi||s,00/9)] < e} <U for i=1,...,n

and define oz as in Lemma 20. Then for any t > 0, with probability at least 1 — e™!
1 o U . t+log(d)
Ly Uyl
i

t + log(d)
n oz n
with cyr a constant which depends only on U.

, U log(

< ¢y max {O‘Z

0,00

Proof This result is an extension of the sub-exponential noncommutative Bernstein inequality
(Koltchinskii, 2013, Theorem 4), to rectangular matrices by dilation, see (Klopp, 2014, Proposi-
tion 11) for details. |

11
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3.3. Proof of Theorem 14

We start with a packing set construction, inspired by Koltchinskii et al. (2011). Assume w.l.0.g., that
my > my. Let o € (0,1/8) and define « := min(1/2, \/am 7 /(2y52+/n) and the set of matrices

L = {L = (llj) € R™X" . ll‘j S {0,/43’}/} ,Vi € [ml], Vi e [T]} .
Consider the associated set of block matrices
£ ={L=(L|-|L]O)erm™ ™ Le L},

where O denotes the m; x (mg — r|mg/r|) zero matrix, and |x] is the integer part of x. The
Varshamov-Gilbert bound ((Tsybakov, 2009, Lemma 2.9)) guarantees the existence of a subset
A C £ with cardinality Card(A) > 2("™1)/8 11 containing the null matrix X° and such that, for
any two distinct elements X! and X2 of A,

Xt - X235 >

mar k22 [@J > myma k22 . @

8 16

By construction, any element of .4 as well as the difference of any two elements of A has rank at
most 7, the entries of any matrix in A take values in [0, ] and thus A C F(r,~y). For some X € A,
we now estimate the Kullback-Leibler divergence D (Px||Pxo) between probability measures P yo
and Px. By independence of the observations (Y, w;);" ; and since the distribution of Y;|w; belongs
to the exponential family one obtains

D (PXHPXO) = nk,, [G/(Xm)(Xqu - Xgl) - G(le) + G(Xgl)] :

r

Since XBI = 0 and either X, = 0 or X,,, = w7, by strong convexity and by definition of x one
gets
armg

< alogy(Card(A) — 1),
which implies

1
Card(A) — 1 > D(Pyo|Px) < alog(Card(A)—1) . (28)
XeA

Using (27), (28) and (Tsybakov, 2009, Theorem 2.5) together gives

X - X|3 M
inf sup Pg (H”2>Emin{72,a r}) > §(a, M),

X XeF(rpy) mama nﬁg,
where 1 1
«
o, M) = ————e |1 - 20— o | —— ?
(o M) = s < ‘T log(2)> ’ =

and ¢ is a numerical constant. Since we are free to choose « as small as possible, this achieves the
proof.
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Appendix A. Proof of Lemma 16 and Lemma 17

Lemma 16

Proof If A, B € R™*™2 are two matrices satisfying S;(A) L S;(B), i = 1,2, (see Definition
(17)) then ||A + Blls.1 = ||Allo.1 + || Blls.1. Applying this identity with A = X and B = P%(X),
we obtain 3 .

I1X +Px(X) ot = [ Xllo + | Px(X) o1

showing (i). } . }
From the definition of Px(-), Px(X) = Ps,(x)XPsy(x) + X Ps,(x) holds and therefore

rk(Px (X)) < 2rk(X). On the other hand, the Cauchy-Schwarz inequality implies that for any
matrix A, || A1 < /1k(A)||C||s,2. Consequently (ii) follows from

1P x(X)lon < V2rk(X) | Px (X[l < V2rk(X)[[ X0z -
Finally, since X = X 4+ P%(X — X) + Px(X — X) we have

Xl > X +Px(X = X) o1 — | Px(X — X)
= [ X1 + | Px (X = X)

|0',1 )

o1 = | Px (X = X) o1

leading to (iii). [ |

Lemma 17

Proof Since ®3-(X) < ®3(X), we have

Py (X) = 2y (X) = A(|X |01 = [ X lo1)-

14
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For any X € R™*™2 using X = X + P)LZ(X — X) 4+ Pg(X — X), Lemma 16-(i) and the
triangular inequality, we get

X lo1 > [1X]

o1 + 1 PEX = X)oa = P3(X = X) o1,
which implies

Dy (X) = &y (X) 2 A (IPL(X = D)lloa — [ Px(X = X)) - (30)
Furthermore by convexity of &y we have

By (X) — Oy (X) < (VOy(X) | X - X),

which yields by duality

- - A
Oy (X) = v (X) < [V ey (X)ooollX = Xlop < SIX = Xlo1

A ~ -

SUPRX = X1 + [ P(X = X)lo) (31)

where we used A > |V vy N(X' )||o,00 in the second line. Then combining (30) with (31) gives ().
Since X — X = 73)%( (X = X) + P4 (X — X), using the triangular inequality and (i) yields

IX = X1 4P (X = X)lo1- (32)

Combining (32) and Lemma 16-(i) leads to (ii). |

Appendix B. Proof of Lemma 19
Proof The proof is adapted from (Negahban and Wainwright, 2012, Theorem 1) and (Klopp, 2014,

Lemma 12). We use a peeling argument combined with a sharp deviation inequality detailed in
Theorem 22. For any o > 1, 3 > 0 and 0 < 1 < 1/2¢, define

e(r,a,mn) = (EII2R]l0.00)°T (33)

1/(2a) =

and consider the events

B = {EIX € C(B,n)||AV(X,X) - E[AV(X, X)]| >

and
Ry = {X € C(B,n)d B <E[A}(X,X)] < alﬁ} .

Let us also define the set

C(B,r,t) = {X eC(p,r) E [A%/(X,X')] < t} ,

15
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and
ARES sup |A%/(X,X)—E[A%/(X,X)] | : (34)
XeC(B,r,t)

Then for any X € BN R; we have
= - 1
AL(X,X) -E[A}(X, X)]| > ial’lﬁ +e(r,a,m),

Moreover by definition of R;, X € Ca(r, o' B). Therefore

1
BNR, C B :={Zy5 > ﬁalﬁ +e(r,a,mn)},
If we now apply a union bound argument combined to Lemma 22 we get

nn? log(a) 8

™= S 2/ 13)\2 _

3 nn*(a'B) exp( )
P(B) < P(B;) < g exp(— )S I Ta A

=1 —1 84 1— eXﬁ_%g)ﬂ)

where we used = < e® in the second inequality. Choosing o = e, 7 = (4e)~! and 3 as stated in the
Lemma yields the result. n

Lemma22 Leta>1land(0 <n < i Then we have
P (Z; > t/(20) + €(r,a, 1)) < exp (—nnt?/(87")) (35)
where €(r, a,n) and Zy are defined in (33) and (34).
Proof From Massart’s inequality ((Massart, 2000, Theorem 9)) we get for 0 < n < 1/(2«)
P(Zy > B[Z] + nt) < exp (—n*nt*/(8v")) . (36)

A symmetrization argument gives
n

1
— ) el Xi— Xy)?

n -
=1

)

E[Z;]) <2E | sup
XeC(B,rt)

where € := (&;)1<i<n is a Rademacher sequence independent from (Y;,w;)!" ;. The contraction
principle ((Ledoux and Talagrand, 1991, Theorem 4.12)) yields

n

1 _
- Z gi(Xi — X5)
=1

E[Z;] <4E | sup

XeC(B,r,t) XeC(B,rt)

_4E[ sup }<2R\X—X>}],

where Y, is defined in (9). Applying the duality inequality and then plugging into (36) gives
P(Z; > 4E[||SRll0,00] V7t +v7nt) < exp (—°nt?/(877)) .

Since for any a,b € R and ¢ > 0, ab < (a?/c + cb?) /2, the proof is concluded by noting that,

1
AE[|Sllooc] V7E < 1

- 2, o |
/(2a) — 774E[||ER||0,00] + (1/(2 ) n)t
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Appendix C. Proof of Oracle inequalities and Bounds for Completion with known
sampling

C.1. Proof of Theorem 9

Proof The proof is an extension (to the exponential family case) of the one proposed in (Koltchinskii
etal., 2011, Theorem 1). For ease of notation, let us define H := V ®}(X) and the set T := {X €
R™M>xm2) || X || < v}. In view of Remark 1, one obtains

2 (YiEi — E[Y;Ei])

H:M—VGH(X): )
n n

From the definition of X ,forany X €T,

. '{17 XZY; TL* Xzyvz %
an(x) - 2= AT < gny - 2 )

or equivalently
G"(X) - G"(X) - (VG"(X)| X - X)
< GH(X) = GH(X) = (VG(X) [ X = X) + (H | X = X) + M| X |01 = | X |or1)
Applying Lemma 16 (ii),(iii) and duality yields
Dg(X,X) = Dg(X, X) < AIX = Xt + [ Xloa = [1X]lo,1) < 2X[X o1 -
where we used the assumption A > || H||,00. This proves (13).

For (14), by definition

. i XiYi
K= argmin F(X) i GU(X) = 2215 Ly s
X cR™M1Xm2 n

where Jr is the indicatrice function of the bounded closed convex set I i.e., or(x) = 0if x € T’
and or(x) = +oo otherwise. Since F is convex, X satisfies 0 € 0F(X) with OF denoting the

subdifferential of F'. It is easily checked that the subdifferential 9dr(X) is the normal cone of I" at
the point X. Hence, 0 € 0F (X)) implies that there exists V' € 0|| X ||,,1 such that for any X € T,

(VGN(X) | X — X) — <Z’:;|X—X> +AMV|X-X)<0,
or equivalently
(VG X) - VA X)X - X)+ MV | X - X) < (H|X - X) .
For any 2, Z, x € R, from the Bregman divergence definition it holds
(G'(7) - G'(2))(7 — =) = dg (2, 7) + dg(7,2) — de(z, T) - (37

In addition, for any V' € 9|| X||,.1, the subdifferential monotonicity yields (V — V| X — X) > 0.
Therefore

DE(X, X))+ DE(X,X) - DX, X)<(H|X - X) - ANV |X - X). (38)
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In Watson (1992), it is shown that:
'
X log =D _uw] +PxW [W e R™ ™2 [|[W]g00 < 1}, (39)
i=1

where r := rk(X), u; (resp. v;) are the left (resp. right) singular vectors of X and P)l( is defined
in (17). Denote by S1 (resp. So) the space of the left (resp. right) singular vectors of X. For
W c le ><m2’

(Sl 24w 15 ) = (Sl 15,6 085+ (W1 P
i=1

and W can be chosen such that (W | P%(X)) = || P%(X)||s.1 and ||W||Uoo < 1. Taking V' €
|| X || .1 associated to this choice of T (in the sense of (39)) and || >°/_; w0 |50 = 1 yield

Dg(X, X) + Dg(X, X) = Dg(X, X) + M Px(X) o
< (H|X = X)+ || Ps, (X = X)Ps,[lo1 - (40)
The first right hand side term can be upper bounded as follows
(H|X - X) = (H| Px(X - X))+ (H| Px(X))
< 1H [lo00 (V2RO X = Xlo2 + [ Px (X)), 4D

where duality and Lemma 16-(ii) are used for the inequality. Since rk(Ps, (X — X)Ps,) < rk(X),
the second term satisfies

|Ps,(X — X)Ps,[loq < VIk X[|X — X |2 - (42)

Using

(40), (41) and (42) gives

Dg(X, X) + DG(X, X) + (A = [ Hlo00) | Px(X) ]2
< DE(X, X) + M1+ V2)VIk(X)| X — X]lon . (43)

By H1 and H2, HX — X2 < g;l\/lemg,uDg(X,X), hence

DG(X, X) + (A= [ Hllo00) | Px(X) |01

1+v2,

< DX, X) + (—5 )% "mumapA® 1k(X) - (44)

proving (14). |
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C.2. proof of Theorem 11
Proof By the triangle inequality,
Zz 1 Y G/(X

n

1o < ] @)

HZZlG/) E[G’(Xl)El

0,00

holds. As seen in the proof of Theorem 6 (in Section 3.2), the first term of the right hand side
satisfies (26) with probability at least 1 — d~ . If we define Z; = G'(X;)E; — E[G'(X1)E1], then
E[Z;] = 0 gives || Zi||o,00 < 2L, with L, defined in (16). A similar argument to the one used to
derive Equation (24) yields

[e[z72]|, < IB(G/ X))@ (X0 B Yoo < 22

0,00

and the same bound holds for E[Z; ZiT |. Therefore, the uniform version of the noncommutative
Bernstein inequality (Proposition 23) ensures that with probability at least 1 — d~*

G' (X L 2log(d log(d
H M EG(X0E| <t max Lo /2eld) AL, ogld) ) 4
.00 vm n 3n
Combining (26), (46) with the assumption made on n in Theorem 11, achieves the proof. |

Proposition 23 Consider a finite sequence of independent random matrices (Z;)1<i<n € R *™2

satisfying E[Z;] = <Uforalli=1,...,n. Thenforanyt >0
1< nt?/2
i=1 7,00 z
where d = mq + ms and
1 o 1o
0% = max - Y Elzz]| - > E[Z] Z]
i=1 i=1

0,00 0,00

In particular it implies that with at least probability 1 — e~

1 — t + log(d t + log(d
Iy g, Sc*max{az +log(d) Ut +log >>},
n n 3n

0,00
withc¢* =1+ /3.

Proof The first claim of the proposition is Bernstein’s inequality for random matrices (see for
nt2/2

example (Tropp, 2012, Theorem 1.6)). Solving the equation (in t) ———-—
oy +Ut/3

+ log(d) = —wv gives

v

with at least probability 1 — e™

1 n
w27

2

%(v +log(d)) + \/Ug;

<

% (v +log(d))? + 2no% (v + 1og(d))] :

0,00
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we conclude the proof by distinguishing the two cases no < (U%/9)(v + log(d)) or no% >
(U?/9)(v + log(d)). [
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