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Matrix completion is …

•Task: given a partially observed data matrix , predict the 
unobserved entries.

•Application to recommender systems, system identification, image 
processing, microarray data, etc.

<latexit sha1_base64="oU8k3XyfHM840kFu8MBAUrH5gQ4="></latexit>

X

<latexit sha1_base64="83k2Cah1ySbNkzOB2C2oXXiz4Ro="> </latexit>

X <latexit sha1_base64="9/Nlj8YXjIheDzfDVfpIhELxlx8="></latexit>=
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•A popular example is the Netflix challenge (2006-2009).

Recommender systems, Netflix prize

•Dataset: 480K users, 18K movies, 100M ratings.
•Only 1,1% of the matrix is filled!

<latexit sha1_base64="83k2Cah1ySbNkzOB2C2oXXiz4Ro="></latexit>

X<latexit sha1_base64="9/Nlj8YXjIheDzfDVfpIhELxlx8="></latexit>=
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•In general, we cannot infer missing ratings without any other 
information.

•This problem is under-determined, more unknown than observations 
(100M << 8.64M for Netflix).

•Low-rank assumption: fill matrix such that its rank is minimum. 
 A few factors explain most of the data.

Some issues ...

<latexit sha1_base64="FsxAlkkZSZODBbSYtvN24vUmRZY="></latexit>⇡
<latexit sha1_base64="83k2Cah1ySbNkzOB2C2oXXiz4Ro="></latexit>

X<latexit sha1_base64="9/Nlj8YXjIheDzfDVfpIhELxlx8="></latexit>=



6

•Denote by  the set of entries of the matrix  that have been 
observed: we know the values   for all . 

<latexit sha1_base64="bjtGwXMTark5xxoL+RqXNJXRAGM="></latexit>

⌦
<latexit sha1_base64="83k2Cah1ySbNkzOB2C2oXXiz4Ro="></latexit>

X
<latexit sha1_base64="zyfezkHY0skueRYQN/qAWb7ec/Y="></latexit>

Xij
<latexit sha1_base64="jeYAlJKTc0qmnNQ8hmFqcAVEPDg="></latexit>

(i, j) 2 ⌦

Low rank minimization

•Or a slightly weaker version

<latexit sha1_base64="ggzQnb34c1/8cj+sneLyHNd8phg="></latexit>

minimize
W

rank(W ) s. t. W ij = Xij|{z}
observed entries

, 8(i, j) 2 ⌦|{z}
sampling set

.

•Or the regularization version
<latexit sha1_base64="gTC5PzqdTVHbD3dXUHcHfZJVLz8="></latexit>

minimize
W

X

(i,j)2⌦

(Xij �W ij)
2 + � rank(W ).

<latexit sha1_base64="WfoeI1F/aaYxX3PGIkNLeuftxnU="></latexit>

minimize
W

rank(W ) s. t.
X

(i,j)2⌦

(Xij �W ij)
2  �.
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•Non-convex problem and combinatorially NP-hard!

Low rank minimization

•Replace the  pseudo-norm by the -norm [Fazel (’02), Srebro et al 
(’05), Candès and Tao (’10), Negahban and Wainwright (’11), Davenport et al. (’14), 
Klopp (’14 and ‘15), ….].

<latexit sha1_base64="066av1da5KfyOcqNaVPKlwlmVNU="></latexit>

`0
<latexit sha1_base64="0/vT6ZHvFBetRF3ZJmy2NgoUBYw="></latexit>

`1

Nuclear / trace / 1-Schatten norm:
<latexit sha1_base64="HZ3nC87tznJ7wfbE9Ct5wjgEV6E="></latexit>

kXk⇤ = k�(X)k1 =
min dim(X)X

i=1

�i(X).

<latexit sha1_base64="iy0GwUHvz8uow0zd1GFccMpvrbY="></latexit>

rank(X) = k�(X)k0 =
min dim(X)X

i=1

1(�i(X)>0)| {z }
ith largest singular value

.
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•Hence temping to consider the nuclear norm minimization problem:

Nuclear norm minimization

•This is convex problem.

•Or equivalently the regularization / Lagrangian formulation:

<latexit sha1_base64="5eeMqxeU4qvMTLq1+GjiZWb3fQs="></latexit>

minimize
W

kW k⇤ s. t.
X

(i,j)2⌦

(Xij �W ij)
2  �.

<latexit sha1_base64="7V1jYmuAL5ai0jsjIXd6KDpqi7A="></latexit>

minimize
W

1

2

X

(i,j)2⌦

(Xij �W ij)
2 + �kW k⇤.



9

•Data is often obtained from a collection of source matrices:

Motivations of collective MC
<latexit sha1_base64="JCSriEnDlPzlmLikBWYgGjqBOQQ="></latexit>

X = (X1, . . . ,XV )
<latexit sha1_base64="FecYIle5VUdWbpy9MZV7xtS+hD0="> HcTkxVkCzqmQaswKIgeUynVdcKUWxe5AgjXOg6oZPQkosyXKgseZIy7NowAabRtFcv48oxFWZVF8YcI4iJKUqwHLpdPZfgkc4uNB9wROx8IDoIIZvapUSAFQ5e5liGNARdgWU0ibJYBUs7lQoAiyvVR5WCH/PGOiOtVxTjpEiZFI5HixTvZWUqKWeXPcw5ntWP4CS8NSeXkJ0ZzuG9TLKCl1DzVJDRWLdOggnBFzPdvKSxnJzWI8DpmEFtmGT2BOraLvIyCwkncU93insXWhjDZC66jKCk2tU </latexit>X <latexit sha1_base64="A0jtJL0cWBHbbDGmRCfiJ6qxlNM="></latexit>=

<latexit sha1_base64="+VTm/qTgT1B5FzGvIPCuhuBu/cU="></latexit>

X1
<latexit sha1_base64="zSlwthsWoKG2nUe4txuKu+64DhE="></latexit>

XV
<latexit sha1_base64="WC5Ro8IhFsP1o8BSj3RqcS6S5Z4="></latexit>

X2

…

•Shared structure among the sources can be useful to get better 
predictions.

•Cold-Start problem: in recommender systems, when a new user has 
no rating it is impossible to predict his ratings.
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•Each source view  and 

•Model: let  be independent Bernoulli random variables and 
 

independent from  with parameter .  Setting:

<latexit sha1_base64="7eFpUFPHJ16vtGohn4TdgR2jiO0="></latexit>

Xv 2 Rdu⇥dv

<latexit sha1_base64="z+aYYEeYLIXOs5M7WceghseqdME="></latexit>

Bv
ij

<latexit sha1_base64="ZyD/3CFSo8xXbt292ACntku8Ixw="></latexit>

Xv
ij

<latexit sha1_base64="LJU2bgulGYZJfxELXD98P7IptTg="></latexit>

⇡v
ij

Collective MC: setup

<latexit sha1_base64="TzRFwUOScLYfZMyvQo0muayuUXg="></latexit>

YY v
ij = Bv

ijX
v
ij .that is

<latexit sha1_base64="O9j47ixMmaipamyBntJ0KR0ugDE="></latexit>

D =
VX

v=1

dv.

<latexit sha1_base64="CU5Eo2wDhCNgjf4gYc3q1TV0afI="></latexit>

YY v = Bv �Xv
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•We consider general sampling model where we only assume that 
each entry is observed with a positive probability.

Collective MC: sampling scheme

There exists a positive constant  such that
<latexit sha1_base64="nKQR1csaKpWPEPT6fIUFWbhXeb4="></latexit>

0 < p < 1
Assumption 1

<latexit sha1_base64="M+84PvLxt3TAyKIG2agi4p1jHdI="></latexit>

min
v2[V ]

min
(i,j)2[du]⇥[dv ]

⇡v
ij � p.

[Klopp(’15), Klopp et al. (’15), Lafond (’15), Cai and Zou (’16)]
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Collective MC: sampling scheme

•Let  (resp. ) the probability of sampling a coefficient from -th 
row (resp. -th column) of . Namely:

<latexit sha1_base64="H8SzfkRzC7ik5jGjwoDW58LsaHo="></latexit>

⇡v
i·

<latexit sha1_base64="wAXrLQNNptTLjnKvbPPE6GdvGXs="></latexit>

⇡v·j <latexit sha1_base64="up25Vt97ahkcCgG8xpDDYOgVpQk="></latexit>

i
<latexit sha1_base64="H99Gr16QChofksCH6mokSuDZ9Jw="></latexit>

j
<latexit sha1_base64="k/RWcWmHf9Ags6sBZIgdmbY1UQM="></latexit>

Xv

and Let 
<latexit sha1_base64="ik+BkK/N/4mY/I7tvxa85MwlC+Q="></latexit>

⇡i· =
X

v2[V ]

⇡v
i·

There exists a positive constant  such that
<latexit sha1_base64="7cJrFOoJ11IJf0qOg+nvqq5BPvs="></latexit>µ

Assumption 2

<latexit sha1_base64="I10hfKDb5JX32tu7OJo/JgHoGOo="></latexit>

max
v2[V ]

max
(i,j)2[du]⇥[dv ]

(⇡i·,⇡v·j)  µ.

<latexit sha1_base64="Y+f+d1YBAlWfNTmR0Q4AFPPStSo="></latexit>

⇡v
i· =

X

j2[dv ]

⇡v
ij

<latexit sha1_base64="8FCAzJ/W6Jl+6SciB2R1CXzxUvM="></latexit>

⇡v·j =
X

i2[du]

⇡v
ij .

[Klopp(’15), Klopp et al. (’15), Lafond (’15), Cai and Zou (’16)]
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Case 1: Exponential family noise
•We assume that the distribution of for each source  depends on 
the matrix of parameters  and satisfied a natural exponential 
family [Gunasekar et al. (’14); Cao and Xie (’16); Lafond (’15) ]

<latexit sha1_base64="k/RWcWmHf9Ags6sBZIgdmbY1UQM="></latexit>

Xv
<latexit sha1_base64="v6M7VEp1EDZdATq94r3THpZsfj4="></latexit>

M v

Assume that           is twice differentiable and there exits two 
constants

Assumption 3
<latexit sha1_base64="XnVAY6F5Z51GgxceGrD11gpkrUE="></latexit>

Gv(·)<latexit sha1_base64="s1fZId3oaSMK5e+o2PBDOrjdeR8="></latexit>

L2
� , U

2
�

<latexit sha1_base64="Nj8V57xgldClWpO9gZZb3Fdmkp8="></latexit>

sup
⌘2[��� 1

K ,�+ 1
K ]

(Gv)00(⌘)  U2
�

<latexit sha1_base64="8/fSbFKJRWw7r9so/EBJqCSpM7c="></latexit>

inf
⌘2[��� 1

K ,�+ 1
K ]
(Gv)00(⌘) � L2

�

for some 
<latexit sha1_base64="TCEQoi3vkrXe09ff9CDmDxo76HU="></latexit>

K > 0.

and

<latexit sha1_base64="s7LAoKq6CXlzOFYAqnw4QwO20FI=">AAAaiXic3Zn/b9u4FcCdbvdlvm3Xbr8M2S/cUgPtzfFsN7mlAwZcm6TJNUmT5tImaeQGlETZvEiiKtKOXVb/5oD9L/thj5SciGRTDO2AAlNQh37vw8f3yMdHqvGzmHLR7f5r4dYvfvnFl199/avmN7/+zW+/vX3ndy85G+cBeRGwmOUnPuYkpil5IaiIyUmWE5z4MTn2L9aV/nhCck5ZeiRmGRkkeJjSiAZYgOj8zgKTTU+bOT </latexit>

Xv
ij |Mv

ij ⇠ fhv ,Gv(Xv
ij |Mv

ij) = hv(Xv
ij) exp

�
Xv

ijM
v
ij �Gv(Mv

ij)
�
.
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Exponential family noise: estimation 
procedure of 

<latexit sha1_base64="TGsJY785Di1KNwXij5rFecJ5XY4="></latexit>

M = (M1, . . . ,MV )

•Given the observations ,  the normalized 
negative log-likelihood write as, for any ,

<latexit sha1_base64="/cOL4L3t5WYAchF60L+MI82hZQw="></latexit>

YY = ( YY 1, . . . , YY V )
<latexit sha1_base64="FKZ7Liz4VYoVuIDxaGEjH+ALz5o="></latexit>

W = (W 1, . . . ,W V ) 2 Rdu⇥D

<latexit sha1_base64="mkpp1vMxYteMGrwsaPuN9yxxpB8="></latexit>

L YY (W) = � 1

duD

X

v2[V ]

X

(i,j)2[du]⇥[dv ]

Bv
ij

�
YY v

ijW
v
ij �Gv(W v

ij)
�

•The nuclear norm penalized estimator  of  is defined as:
<latexit sha1_base64="r/Saze0zZGPc+JytgZtJ+Q4OF1M="></latexit>

cM <latexit sha1_base64="s9mPUg6ljTGxjRf/GfOrSK4uB0w="></latexit>M
<latexit sha1_base64="kH72AWF37oPW5wmCU4aEllvn/3Q="></latexit>

cM = (cM1, . . . , cMV ) = argmin
W2C1(�)

L YY (W) + �kWk⇤

where
<latexit sha1_base64="gBOW9Tpi7ktjDL03RR89LnnYkqQ="></latexit>

C1(�) =
�
W 2 Rdu⇥D : kWk1  �

 
.

[Foygel et al. (’10), Salakhutdinov and Srebro (’10)]



15

Exponential family noise: theoretical 
guarantee

•Upper bound on the rescaled Frobenius estimation risk:

Assume that Assumptions 1, 2 and 3 hold and 
Theorem [A., Klopp 2019]

Then, with probability exceeding                           one has, 

<latexit sha1_base64="XC/vBXXf53oSN6HJu2yJbxcQkGw="></latexit>

� = O

✓
(U� _K)

�p
µ+ (log(du _D))3/2

�

duD

◆
.

<latexit sha1_base64="+zNJgit2w5RyPIfz60hjiXahNiI="></latexit>

1� 4/(du +D)
<latexit sha1_base64="WzydfJxFV4S58dPVgiZKp9miQ0w="></latexit>

1

duD
kcM�Mk2F . rank(M)

p2duD

⇣
�2 +

(U� _K)2

L4
�

⌘�
µ+ log3(du _D)

�

<latexit sha1_base64="pnWJnsgN6l7zYJrvQjarOTmjWyM="></latexit>

. rank(M)µ

p2duD
.
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Exponential family noise: remarks
•For a close uniform sampling distribution, that is 

<latexit sha1_base64="WZ+BAUoZJoV37mQPTSGM9g3IesU="></latexit>

c1p  ⇡v
ij  c2p

<latexit sha1_base64="eDUXVvsW2lyMEwH5YwbFL3AGlAo="></latexit>

1

duD
kcM�Mk2F . rank(M)

p(du ^D)
.

•Rate of convergence achieved by our estimator is faster compared to 
the penalization by the sum-nuclear-norm since

<latexit sha1_base64="KQH0CVTeGTT4iZXwpYxZXnwjht4="></latexit>

rank(M) 
VX

v=1

rank(M v).

•For small estimation error,  one can choose                                       .                                                           

<latexit sha1_base64="PkvNazu98b6SYgND4/sIw3PXvCM="></latexit>

n =
X

v2[V ]

X

(i,j)2[du]⇥[dv ]

⇡v
ij

<latexit sha1_base64="EGCvkIAUzMkBtag8gvxQkQfIb+4="></latexit>

n & rank(M)(du _D).

<latexit sha1_base64="0aGJOI5Eg3yAmYnuqdQl89cjzM4="></latexit>

p � rank(M)/(du ^D)

This implies

where the expected number of observations
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Case 2: Distribution-free-setting

•We do not assume any specific model for the observations.

•We consider the risk of estimating  with a loss function .
<latexit sha1_base64="k/RWcWmHf9Ags6sBZIgdmbY1UQM="></latexit>

Xv
<latexit sha1_base64="3AeCVJuXbxIsgZSBWYpAXeASuGQ="></latexit>

`v(·, ·)

For every  the loss function  is -Lipschitz in its second 
argument:

<latexit sha1_base64="Htm27JW/n/pP407Hf8TYt2hYyow="></latexit>v
<latexit sha1_base64="CS+dOLrkcTMIr6R/MsvWibUVR1g="></latexit>

`v(y, ·) <latexit sha1_base64="G9gFwNI8MHOB7/3vySOhryzq1mg="></latexit>⇢v
Assumption 4

<latexit sha1_base64="F17EFYpbzd6o2dpVFdgezsLpDbc="></latexit>

|`v(y, x)� `v(y, x0)|  ⇢v|x� x0|.
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Distribution-free-setting: estimation 
procedure

•For any matrix                               , we define the empirical risk as  
<latexit sha1_base64="Ip00l4vehfzufDDFyBLp9Hg7Vhg="></latexit>

Q = (Q1, . . . ,QV )
<latexit sha1_base64="2YlecJPNI5yuvytmaBGPO8u/CTQ="></latexit>

R YY (Q) =
1

duD

X

v2[V ]

X

(i,j)2[du]⇥[dv ]

Bv
ij`

v( YY v
ij , Q

v
ij)

•We define the oracle as:

where

•We consider excess risk
<latexit sha1_base64="/2em1BPcWx6X1IlF9Zswz3zPc9A="></latexit>

R(cM)�R(
?

M).

<latexit sha1_base64="1xSPFL40Y7IXBbZ8OEzX+RRKWCo="></latexit>

R(Q) = E[R YY (Q)].

<latexit sha1_base64="yRXNPGq0ZvdmtISdokHSKr2697U="></latexit> ?
M =

� ?
M1, . . . ,

?
MV

�
= argmin

Q2C1(�)
R(Q)
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Distribution-free-setting: estimation 
procedure

•For a tuning parameter   the nuclear norm penalized estimator 
reads as

<latexit sha1_base64="UcPwQnKDArnm5L1qwIMPqcdf+/U="></latexit>

⇤ > 0

<latexit sha1_base64="KWMNyoshDKdrPB3cdyaH03vnomc="></latexit>

cM 2 argmin
Q2C1(�)

�
R YY (Q) + ⇤kQk⇤

 

There exists a constant  such that for every , one 
has

<latexit sha1_base64="5TOgZyX8F21uNLf2J3j+2KhM7fA="></latexit>

& > 0
<latexit sha1_base64="JJSirV2ajHOykqvmmgzivq6vAoQ="></latexit>

Q 2 C1(�)
Assumption 5

<latexit sha1_base64="b6hFTebiC1xvZlFWNzioNMEXajs="></latexit>

R(Q)�R(
?

M) � &
pduD

kQ�
?

Mk2F

•Assumption 4 is called “Bernstein” condition [Mendelson (2008); Bartlett 
et al., (2004); Alquier et al., (2017); Elsener and van de Geer, (2018)].
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Distribution-free-setting: theoretical 
gurantee

Theorem [A., Klopp 2019]
Assume that Assumptions 1, 2, 4 and 5 hold and set                    .
Let 

<latexit sha1_base64="KwWhi+CIGL1shdc+vv0C2hDi3jM="></latexit>

R(cM)�R(
?

M) . rank(
?

M)

p

(⇢2 + ⇢3/2
p

�/&)(µ+ log(du _D))

duD

<latexit sha1_base64="YO/0StbMhXNJO4ob1NBa8csXF54="></latexit>⇢ = max
v2[V ]

⇢v
<latexit sha1_base64="TKSeWPQDRaxvYI3jaKKDL/0JGi0="></latexit>

⇤ = O

✓
⇢
�p

µ+
p
log(du _D)

�

duD

◆
.

Then, with probability exceeding                           one has, 
<latexit sha1_base64="+zNJgit2w5RyPIfz60hjiXahNiI="></latexit>

1� 4/(du +D)



3. Numerical Experiments

21



22

Optimization of 

•Proximal gradient (PG):  [Beck and Teboulle (’09), Cai et al. (’09), 
Mazumder et al., (’10); Yao and Kwok (’15)]

•The PG generates a sequence of estimates

<latexit sha1_base64="kH72AWF37oPW5wmCU4aEllvn/3Q="></latexit>

cM = (cM1, . . . , cMV ) = argmin
W2C1(�)

L YY (W) + �kWk⇤

•Assume a singular value decomposition , then one has      
<latexit sha1_base64="A+odb5AZQRgraA6qXEOOgqy/g2M="></latexit>

W = U⌃V>

<latexit sha1_base64="i/EzMuNTiMoeKwM72fgmR8ccOJY="></latexit>

prox �
Lk·k⇤(W) = SVT�/L(W) = Udiag((�1 � �/L)+, . . . , (�r � �/L)+)V>

[Cai et al. (’10)]

<latexit sha1_base64="nKxg4IopjHVfCKzB3UtgCSWfHnA="></latexit>

W t+1 = prox �
Lk·k⇤(Zt), where Zt = W t �

1

L
rLY(W t)



Power method to reduce complexity 
•To compute  we need to perform an SVD of  

<latexit sha1_base64="xBe4y+YhunVCRs0f7R5n732zvbc="></latexit>W t+1
<latexit sha1_base64="y8azT3yiHUhGC4vW19jwO6UsUTM="></latexit>Zt

•We do not require to do a full SVD only a fewer  singular values of 
 which are large than .

<latexit sha1_base64="k2NuhP7aMNHRWkVeJ4XZubicPkk="></latexit>

kt
<latexit sha1_base64="y8azT3yiHUhGC4vW19jwO6UsUTM=">AAAbrHicxZlbc9u4FYC129tWvWXbt/oFraOZzlZWJW2y9UtnktiOHceOHa98FTUekIQk1iTBAJAtBcvp3+g/6fSlr+1f2H/TA1CyCYBMd7Y7s/SEBs/5cHA7ODiI/SyOuOh2v/7o4x/88Ec//sknP23+7Oe/+OWvHn366zNOZywgpwGNKbvwMSdxlJJTEYmYXGSM4MSPybl/s6X057eE8YimA7HIyCjBkzQaRwEWILp+1JdNT1 </latexit>Zt

<latexit sha1_base64="FQdmLkpYhQvRpBYFTD29yB3RoBQ="></latexit>

�/L

•As  converges to a low rank solution then  will be small during 
iterations.

<latexit sha1_base64="9+BvzetPMyt/YRyzqrzdPRhDuHs="></latexit>W t
<latexit sha1_base64="k2NuhP7aMNHRWkVeJ4XZubicPkk="></latexit>

kt

•[Yao and Kwok (’15)] showed the following result:
<latexit sha1_base64="m+BMTesAAIbz4Qn1nGFjCQPW4os="></latexit>

SVT�/L(Zt) = QSVT�/L(Q>Zt)

23 23

[Halko et al (’11)]

<latexit sha1_base64="l5+HHonvu/py90ZQNPe5e6R07Lk="></latexit>

O(ktduD)

<latexit sha1_base64="W2dcrM/NVCDnQG4WbgRXkEHemOA="></latexit>

O((du ^D)duD)
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Approximate SVT based on power 
method

[Yao and Kwok (’15)]

// Approximate the top      left singular values  
<latexit sha1_base64="owfypDsY/xKE3qRfObZ4pC1Ucic="></latexit>

kt

// Much smaller and less (exact) SVT performed on   
<latexit sha1_base64="im7abBMEUu25sHcQfs30bbkS2S4="></latexit>
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O(1/T 2)

// Regularization is dynamically reduced by continuation strategy

//Acceleration (FISTA)

//Restart the algorithm if the objective 
function increases 

//Approximate SVT

//Warm-start



Experimental results on synthetic data
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i.i.d.N (0.5, 1)
<latexit sha1_base64="SHyTWv30Oh93nYkuxThmPMeM2Uc="></latexit>

i.i.d.P(0.5)
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i.i.d.B(0.5)
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A fraction of the entries of M v is removed uniformly at random with proba-
bility p 2 [0, 1].

<latexit sha1_base64="6SJ1mNn/yoWI8hcrOzAIGh90Tgw="></latexit>

Each source matrix M v is constructed as M v = LvRv> where Lv 2 Rd⇥rv

and Rv 2 Rdv⇥rv



Experimental results on synthetic data: 
convergence of the objective functions
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Experimental results on synthetic data: 
Learning ranks curve

28

0 5 10 15
Iterations

5

10

15

20

25

Le
ar

ne
d

ra
nk

s

d = 3000

RanksIn

RanksOut

0 5 10 15
Iterations

10

20

30

40

50

Le
ar

ne
d

ra
nk

s

d = 6000

RanksIn

RanksOut

0 5 10 15 20
Iterations

10

20

30

40

50

60

70

Le
ar

ne
d

ra
nk

s

d = 9000

RanksIn

RanksOut



Experimental results on synthetic data: 
evaluation of the estimator
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Performance on the synthetic data in terms of relative errors between the 
target and the estimator matrices
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•Our metric matrix completion is defined by the relative error, [Cai. et 
al. (’10); Davenport et al. (’14); Cai and Zhou (’13)],

<latexit sha1_base64="0Sa2k6ZZTt4T7bwkMcLE4tjoJu0="></latexit>
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Experimental results on synthetic data: 
Cold-Start problem
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•We construct the ``cold'' collective matrices: we extract vector of 
known entries of the chosen matrix and we set the first 1/5 fraction of 
its entries to be equal to zero.
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Take home message
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•Recovering a low-rank matrix when the data are collected from 
multiple and heterogeneous source matrices.

•Estimators are based on minimizing  the sum of a goodness-of-fit 
term and the nuclear norm penalization of the whole collective matrix.

•Upper bounds on the prediction risk of the estimators.

•Empirical evidence of the efficiency of the collective matrix 
completion approach in the case of joint low-rank structure compared 
to estimate each source matrices separately.
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Thank you!
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Distribution-free-setting: remarks

•In -bit matrix completion with logistic (resp. hinge) loss, the Bernstein 
assumption is satisfied with                      (resp.             , such that

<latexit sha1_base64="3DGN7+SOqjjc+FtdaNLk+Zu/LY4="></latexit>

1
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& = 1/(4e2�)
<latexit sha1_base64="GwMKCmS1hyXHMgHarjF1IWya984="></latexit>

& = 2⌧
<latexit sha1_base64="KPGl1XrF8Kjd6sYZReEPoeHop4M="></latexit>

|
?
Mv

ij � 1/2| � ⌧, 8v 2 [V ], (i, j) 2 [du]⇥ [dv]) [Alquier et al. (2017)]. 

•The excess risk with respect to these two losses under the uniform 
sampling is obtained without a logarithmic factor [Alquier et al. 
(2017)], 
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