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Abstract and Choi, 200R In some of these applications such as col-
laborative prediction, the data matrix is sparse since robst
entries are missing or unobserved. Thus, matrix factoriza-
tion methods can be applied to a large scale problem without
much extra care, since only observed elements are used for
learning. On the other hand, data matrix is dense in some
applications where spectrograms of music or brain wave data
are analyzed. In such applications, it is not easy to handle
large-scale data.

Compressed sensing is a new sensing/sampling paradigm
which ensures near-optimal recovery of sparse signals from
a small number of linear measuremeBonoho, 2006;
Candes and Tao, 20p6Compressed sensing is a promising
approach to handling a large-scale dense data matrix since
it is allowed to perform a processing (learning or data anal-
ysis) in the compressed domain (in which a compressively-

. d hat CS-MCF i h sampled matrix is much smaller than the original input data
periments demonstrate that CS- Improves the  atrix in size) rather than in the ambient space. Yetc

performance Of CS-MF, gmphas[zmg the useful be- RP*N pe the compressively-sampled data matrix which is
havior of exploiting side information (a small num- obtained byY — ®X, in which® ¢ RP*M is a linear
ber of uncompressed measurements). sensing matrix which is often given by a random projection.
A direct application of the compressed sensing framework to
1 Introduction matrix factorization, referred to as CS-MF, yields thedalt
Ang objective function

In this paper we address the problem of matrix
factorization on compressively-sampled measure-
ments which are obtained by random projections.
While this approach improves the scalability of ma-
trix factorization, its performance is not satisfac-
tory. We present a matrix co-factorization method
where compressed measurements and a small num-
ber of uncompressed measurements are jointly de-
composed, sharing a factor matrix. We evaluate
the performance of three matrix factorization meth-
ods in terms of Cramér-Rao bounds, including: (1)
matrix factorization on uncompressed data (MF);
(2) matrix factorization on compressed data (CS-
MF); (3) matrix co-factorization on compressed
and uncompressed data (CS-MCF). Numerical ex-

Matrix factorization is a decomposition method where a dat )
i MXN j i

matrix X € R**V is approxmated as a product of two or Jesve= =Y —®UVT|2. )

more factor matrices which uncover the latent structurbef t 2

data. The 2-factor decomposition seeks latent factor oestri CS-MF determine&/ andV which minimize (2), improving

U € RM*K andV e RY*K which minimize the following  the scalability sinc& and® requires less space in storage,

objective function compared taX . Recently, nonnegative matrix factorization
1 (NMF) in the compressed domain, referred to as CS-NMF,
JvE = §||X —UV"|2, (1)  was presented ifO’'Grady and Rickard, 204d8where (2) is

minimized with nonnegativity constraints imposed on facto
where|| - || r denotes the Frobenious norm. When columns inmatricestU andV as well as the data matriX. In contrast
X are treated as data pointsid-dimensional spacd/ and  to the standard compressed sensing framework wbeie
V are referred to be dsasis matrixandencoding matrixre-  known in advance, CS-MF or CS-NMF estimates higtlnd
spectively. Exemplary matrix factorization methods intdu V' in the compressed-domain, which degrades the reconstruc-
principal component analysis (PCAJolliffe, 2004, non-  tion performance.
negative matrix factorization (NMH)_ee and Seung, 1999 Matrix co-factorization (MCF) is a technique that decom-
probabilistic matrix factorization (PMHBrebroet al., 2009, pose two or more data matrices jointly, sharing some factor
to name a few. Matrix factorization has established itsglf a matrices in factorizations. In addition to the data matrix,
a powerful technique in various applications such as cellabside information matrices are also considered for the joint
orative predictior{Koren et al,, 2009, document clustering decomposition, including label informatidiu et al, 2005;
[Xu et al, 2003; Yoo and Choi, 2010 music transcription Leeet al,, 2014, link information[Zhu et al,, 2007, inter-
[Smaragdis and Brown, 200)3and brain wave analysitee  subject variation§Lee and Choi, 2009 and spectrograms



of music[Yoo et al, 201d. MCF was also applied to the
general entity-relationship moddSingh and Gordon, 2008;
Yoo and Choi, 200Pto learn the characteristics of each en-
tity from the relationships. In this paper we present a megitho
of MCF on compressively-sampled data, referred to as CS- e =ic
MCF, where we decompose the compressed data matrix and & =
a small portion of uncompressed original data jointly in or- , g .
der to improve the performance of matrix factorization in o X X

the compressed domain. We compute the Cramér-Rao boundi

(CRB) for matrix factorization on uncompressed data (MF), EssssEs ~
CS-MF, and CS-MCF in the case of Gaussian likelihood, === -
showing that CS-MCF indeed improves the performance over [

CS-MF in terms of the reconstruction quality. We consider )

alternating least squares (ALS) algorithms for MF, CS'MF’Figure 1: Pictorial illustration of CS-MCF. The input data
and CS-MCF. In addition, we also consider multiplicative up matrix X is partitioned intaX  (to be compressed) ari

dates, as in NMF, comparing NMF, CS-NMF (NMF in the (partial uncompressed data). ThEh— ®X° and X" are

compress_ed QOma|n), and CS-NMCF (r]onn.egatwe matrix Ccﬁ'ointly decomposed, sharing the factor mattik leading to
factorization in the compressed domain with small uncom

E ~ T U T
pressed information). Y~eUV andX"~UW .

2 Matrix Co-Factorization on Compressively ~ Where the factor matrt/ € R is shared, capturing
Sampled Data the common characteristics in representing tBidtand X,

_ andV € RE*K andW e RW-C)*K capture individual
Compressed sensirifonoho, 2006; Candes and Tao, 2D06 characteristics. The paramefecontrols the balance between

is a new framework which performs the measurement angyo decomposition. Pictorial illustration of CS-MCF is giv
compression simultaneously to reduce computation reguirejn Fig. 1.

in the measurement process. The fundamental theoretical re
sults of compressed sensing is based on the sparsity of thie1 ALS Updates

representation of given data, which makes possible to @duca| s ypdates fol7, V., W are easily derived by solving
the required number of measurement less than the amount T

computed from the classical Shannon-Nyquist sampling the- 0Jcs-mcF 0

orem. Compressed sensing assumes that the basis which ou ’

sparsely represents the given data is known, however, the ap 0Jcs—MCF

propriate representation basis for given data is usualty no v 0,

known in advance. In that cases we have to learn a repre- 0Tcs— mcF

sentation matrix from a given data, however, the problem of —ow 0,

learning representation basis from the compressed measure

ment has not been studied much. for U, V, W respectively, and the corresponding gradients
Matrix factorization in the compressed domain consider®f (3) are calculated as

a decomposition of the compressively-sampled data matrix 0Tcs ncE

Y = ®&X where® ¢ RP*M is a random projection. Thus - —d'YV+d'OUV'V

given X and®, CS-MF seeks” ~ ®UV ', determining w T

factor matricedJ and V' which minimizes (2). In contrast o7 AXTW HAUW W,

to the compressed sensing framework where the basis matrix CS—MCF T TT

U is known in advance, CS-MF should estimate bbtland oV = Y U+VU @ 2U,

V given compressed dale. We believe that this explains O0TcS—MCF u T

the poor reconstruction performance of CS-MF in our exper- —ow -~X'U+WU U,

iments.

Now we explain matrix co-factorization in the compressed'€2ding to ALS updates
domain with exploiting partial uncompressed data. We par-,q«7s Vv D)L \NW W)@ Iu) L
tition the data matrixX € RM*V into two sub-matrices U) < ( T) 2 )u+ ( )@ In)
X¢ € RM*C and X* e RM*(N-C)  Assuming that ve® YV +AX"W),
C > (N —C), the sub-matrixX © is compressed by a random V « YeUuU' e oU)!
projection®, leading toY = ® X “ with the abuse of nota- T T
tion. CS-MCF considers a joint decomposition of the com- W <« X" UU U)",
pressed data matriX” and partial uncompressed da¥",  \yherer,, is the identity matrix with sizé/ x M, veqU) =
minimizing the following objective function: [ul,...,uk]" is the 'vec’ operator which creates a column

1 D Y T vector from the matriU by stacking columns of/, and®
Jesmce = 5[IY —@UV [ + 5| X" ~UW |, (3)  denotes the Kronecker product (tensor product).

)



Table 1: Algorithm description for ALS updates and muliialiive updates.

Model | Updates Model Updates
Ty -1 XV
MF U+~ XVV'V) NMF U%UQU;}/:UY
T Ty -1
VX UUU) VeV@VUTTU
CS-MF | veqU) + (VTV) @ (7)) 'ved@ Y V) CSNMF | U « U® qf{%}%
T TaT -1 Y ®U
V«YTaUuUTa eU) VEV@VU;?};%)‘UXTW
- T T T -1 _ +AX "
CS-MCF | vedU) + (V' V) © (27 ®) + AW W) In)™" | CSNMCF | U - U © g g P
ved® 'YV + A\ X"“W
T TeT 1 Y ' '®U
VY aUuUuTa eU) VeV@V%%@U
uT T —1
W« X“TUUU) W« WO s
2.2 Multiplicative Updates wheref is the estimated parameter of the modkis the true

As in NMF, we derive multiplicative updates f@7, v, w  Value of the parameterl > B denotes that — B is the
which iteratively minimize (3) with nonnegativity consings positive semi-definite matrix, a_nths theFisher information
imposed on factor matrices, given the nonnegative data manatrix each element of which is computed by

trix. Our derivation follows the technique used[i¥ioo and _E 0?logp(x|0) 5
Choi, 2008 where the gradient of an objective functighis Lij =Eq - 96,00, ' ®)
decomposed as wherep(x|0) is the likelihood. In the case of matrix fac-
07 o71" o071 torization, we have factor matricds ¢ R™*X andV ¢
—— = | = N NxK
90 [8@] [8@} 5 R as the parameters for the ngodel,&sbecomes
_ 6 = |[veqU)",veqV)"
where[2£]" > 0 and[2£]” > 0, and then multiplicative [ . . ]T . o
updates for parametegsare given by = [u1 yUg ,tt  Upp, UV, Vg e 7UN} 5
071~ wherew; andwv; represent the column vector consist of the
000 [%} elements in theé-th andj-th row of U andV/, respectively.
[8_J]+ ’ Then, the Fisher information matrix has the following repre
9 sentation,
where® denotes Hadamard product (element-wise product) [ To  Tuv
and the division is done in an element-wise manner. Applyingl = 7T T,
this technique to the minimization of (3) yields A i
Tu, - Zuwun Twwv, - Iuwy
'YV AX"W . . :
U + U0 = - -—, : : :
P (I’EV V+AUW W _ IuMu1 ce IUM I’LLM’U1 e IuM'UN
V e voX2U Ivyu, o Ivuy vy o Iooy
VU ' oU’ : - : : - :
W W@7X TU _ L Zoyu, - Iviun Zoyv, o0 Toy
wuU U where each part is computed for the corresponding parameter
ALS or multiplicative updating algorithms for MF and CS- for example,
MF are also derived in the same way, which are summarized 9?logp(X|U,V
in Table 1. Zulpp = E{ 5 4(8 |4 >}, (6)
Ui j Ok
2
3 Crameér-Rao Bounds Tuw,],, = E _ &logp(X|U,V) e
PRk 0w, Ougr gy

We calculate the Cramér-Rao bound (CRB) to evaluate the s . .
performance of matrix factorization, CS-MF, and CS-MCF. Where[A]m. _represer_lts thed_)'th elementin the matr_lA.
CRB [Kay, 1993 provide the lower bound of the variance of The Fisher information matrix of CS-MCF has a different
unbiased estimators of a deterministic parameter in the folParametrization with the matri&/, V- andW’, which is

lowing form, [ Iy  ZIuv IUW]
I = )

_ - . oy v Iyw
e{o-0)0-0T}>1", @) Tl Tw



Table 2: Graphical model, likelihood, Fisher informatioatnix (FIM) and Cramér-Rao lower bound for matrix factation
(MF), matrix factorization for compressed measuremen& KG-), and matrix co-factorization for compressed measergs

(CS-MCF).
MF CS-MF CS-MCF
U ,/( \%
Q U ,/< \% >\Cj/<w
X
e, O 8’“
Graphical X Y Y
Model
Likelihood p(X|U,V) p(Y|U,V) p(Y, XU, V,W)
=L N(z;|Uv;, %) =][;N(y;|®Uv;, %) =] N(y,|®Uv;, %)
[I V(x| Uwg, %)
FIM
Ty (VIs"'WV)e Iy VVig@'z'e) V'V)e@ I '®)+ (W' S 'W)e Iy
Ty U's'U)e Iy U'd's'eU) 0 Iy U'e's'oU) 0 I
Tuv veqUX Mved V)T  veqU®' T '®)veq V)" veqU ' &' '®)veq V)T
Tw U's,'U)oIn_c
Tow veqUZE,; veq W) T
IVW 0
Iy T -1
CRB [Zy] ™" Zy]™! [ITV Ea ]
known) vw. =W
—T
_1 ~1 Iy  ZIvv ZTuw
CRB U {IITU IIUV] [IITU IIUV} v Iv  Ivw
unknown) vy SV A Lw Liw Iw

and each element of the parts is computed in the similar waynatrix from the estimated parametersandwv;. Although

to (6) and (7).

the factor matrices is not uniquely determined, the recanst

The CRB for matrix factorization, CS-MF and CS-MCF tion errorg;; is the same for all the possible decompositions.

are computed in the following subsections.

We use thélhe lower bound for the reconstruction error is represented

maximum likelihood estimator (MLE), which is known to by using the variances of the estimators, such as

be asymptotically unbiased and efficient under mild regular
ity conditions[Kay, 1993. The analysis is based on these
asymptotic properties, assuming that there are sufficiemtn
ber of samples. The models, computed Fisher information
matrices and the form of CRB are summarized in Table 2.
Since the solution of the matrix factorization is not
uniquely determined, the direct comparison between the est
mated parameters and the ground-truth values is meaningles

E{(u;rvj fﬁjvj +1~L;rvj —u
E {v;r (w; —u;)(u; — ﬁi)—rvj}
+E {@T (vj —v;)(vj - 5;‘)Tﬁi}
+2E {v]-T(ui —a;)(v; —v;) "}

jﬁj)g}

Instead of directly comparing the parameters themselves, Wit e assume that the estimator is unbiased, the last term of
use the expected reconstruction error the above equation becomes zero, and the remaining terms
~ are lower-bounded by the computed CRB,
&j = E{(Xij—Xz‘j)Q} y P

£ {(ulv,— 5,7} B{v

7
whereX ,;, u;, andv; are the ground-truth values of the pa- where [Z~'], ~represents the part of the inverse Fisher in-
rameters, andX;; is the element of the reconstructed input formation matrix corresponding to the positionZaf,. Then,

T
J

- Eij u; (8)

[I_l}ui vj} + ﬁj [I_l]v-

V; —u j



the error bound becomes Again, the second derivative becomes zerd i# i, and if

" i } ) B i =1,
g = ) [Ty, 5 + T[T, [T, 0 log (XU, V)

. - - _ Yy Tyl

Note that if we assume that the basis malrixis known in  Therefore, Fisher information matrix féf is written by
advance, we only have to deal with the paramé&ferWith

the computation similar to the above, the lower bound of theZ;; = E {(VT2*1V) ® IM} =(V'E'VYeIy.
reconstruction error is computed in the following form,

Calculation of Zgy

To computeZyy, we differentiate (11) with respect to;,
Which becomes

g > @, [T7Y, @ (10)

! v, i

which is smaller than the case when the basis is unknow

in the amount of the terms correspondinglth which is 92 log p(X|U, V) 1 T T
~T 1 . 1 1 = — (Il?ijIK—’U,Z- vaK—'vjul- )
o) [T, 05+ {27, (271, } du,0v; o2

J

3.1 Cramér-Rao Bounds for Matrix Factorization SinceE{w;;Ix} = u, v;Ix, the first two terms of the

The Fisher information matrix is computed from the likeli- above equation vanishes when we take the expectation.
hood of the model. If we assume that the noise is additive andherefore, the Fisher information matrix forandV” is writ-
distributed as the Gaussian distribution, the model istanit ten by

b
Y Tyv = veqUE veq V).

X =UV'+N,

whereN;; ~ N (0,0?), andN (u, o%) is the Gaussian distri-
bution with mearu: and variances?. Then, the likelihood of
the model becomes X = UV +N,,

XU, V) = [[N(@&;|Uv;,o’Ik). Y — ®X+N,,
J

where[N,]; ; ~ N(0,07) is the representation error and
[Nb]; ; ~ N(0,07) is the measurement error. The likelihood

3.2 Cramér-Rao Bound for CS-MF
We model the CS-MF with the following two-step procedure,

Calculation of 7\
The derivative of the log-likelihood with respectig is com-

puted by is written by
1 X =
M XIUV) i, g, YU V) = [y XOpXIU. V)X
Uj
= N(y;|®Uv;,X),
whereX = ¢2I,,. If we differentiate above again with re- 1:[ (yj| %)
spect tov;/, wherej’ # j, the result becomes zero.jtf = j,
then, whereX = 02®® " 4 21 p, whered ¢ RPXM,
0%logp(X|U, V) _ _UTs U Calculation of 7y,
0v;0v; The derivative of the log-likelihood with respectig is com-
puted by

Therefore, the part of Fisher information matrix ¥ris com-
puted by dlogp(Y|U,V)

=U'd' 2y U 'dUw,.
Ty -1 Te—1 Ov.: j j
Iv:IE{(U > U)®IN}:(U > U) @ Iy. j

Differentiate again withv;; becomes zero whefi # j, and

Calculation of Zy if j/ = j, then
In this_ case, we use the likelihood of the model having the '2
following form, d 10%1?(?[]7 Vi _ e s laU.
V0V,
pXIU V) = [[N@i|Vu;,o’Ik), 7
i Therefore, the Fisher information matrix f& is computed

wherex; represents théth row of the input matrixX. The by
first derivative with respect ta; is computed as
dlogp(X|U,V)
8ui

Ty E{UTQTE’1¢U®IN}
Vs, VISV, (11) = U'd'S 'dUIy.



Calculation of Z;
The derivative with respect ta; is written by

dlogp(Y|U,V)
8ui

=3 (vy 576, — v;0] =T 0U, ).
J

The derivative of above equation with respectito is sim-
plified by

?logp(Y|U,V)

= —(@'27'®),; V'
8ui8ui/ ( ) v V,

which leads the Fisher information matrix fbr to be
Iy =V V)o@ = 'e).

Calculation of Zgy
If we differentiate (12) with respect to;, we obtain

9?logp(Y|U, V)
(’)ui*avﬁ
¢ X' OUv; I ~U' @' ¢v],.

= ¢, X 'y Ik

The first two terms disappear when we take the expectatio
so the Fisher information matrix fd andV becomes

Tyy =veqU '@ 'S '®)veqV)'.

The theoretical bound of CS-MF is larger than that of ma-

trix factorization. The main difference of the computedigis
information matrix is from the change of the teB11 ' of ma-
trix factorization to the termb ' 7 '®. Note that thex "
in the matrix factorization is

» =021y (12)
However,® ' ©7'® in the CS-MF is written by

'T'e = (28D +02Ip) D

This is usually smaller than the corresponding term in the ma 92 log p(Y, X“|U,V, W)

trix factorization. For example, if we assume thgt= 0 and

3.3 Craméer-Rao Bound for CS-MCF

The relations in CS-MCF are modeled as in the previous sec-
tion, such that

b & UV'™ +N,,
Y = ®X°+ Ny,
X* = UW' +N,,

where [N, ~ N(0,03), [N],; ~ N(0,07) and
[Nb]; ; ~ N(O, o2). In this case we have three parameters

U, V,andW, so the Fisher information matrix is computed
as

Iy  Juv ZIuw
v Iy  Ivw
iw Tiw Iw

T =

The likelihood is

p(Y, X"|U,V,W)
=p(Y|U,V)p(X*|U, W)

= [[N(y,|@Uv;, =) [ [V (2} [Uwi, Za),
J l

whereX, = 02®® " + o2Ip andX, = 021;.

Calculation of Z;;

rbifferentiating the log-likelihood with respect to; leads

dlogp(Y,X"|U,V,W)
8ui
> (9] 5760 - v;0] 37 @UW;)

J

+Ws e, - WIS W,

(13)
Differentiating again with respect t;: yields
?logp(Y, XU,V ,W)
aui(')ui/
=—(@'2,'®),, V' V-W'ES'w,

wherei’ = 4, and yields

= (®d"'27'®),, VTV
auiaui/ ( b ) )

each element of sensing matrix is drawn independently from

N(0,1), we approximate the term using' ® ~ PI,; and
®® " ~ MIp, such that

'x'd ~ & (2MIp)TE®

[,
~  — ¢ P
M
~ MU(;QIILL

which is P/M times smaller than that part of matrix factor-
ization (12). Since the CRB is calculated as the inverseef th

Fisher information matrix, CS-MF has larger CRB than that

of the matrix factorization.

wherei’ # i. Therefore, the Fisher information matrix for
becomes
Iy =(V'V)2(@'S,'®) + WIS 'W)xI,.

Calculation of Zv/, Zw, Zyv, and Zy w
Tv, Iw, Zyvy, andZyy are computed in the similar way as
in matrix factorization and CS-MF, in the following forms,

Iy = U'e'z'eU)® I,
Iw = (U'S]'U)eIn_c,
Tyy = vedU'@'=,'®)veqV)’,
Tyw = vedUXZ,')veqW)'.



40 U-known _ U-unknown 35 U-known U-unknown 0 and variance 1. For the multiplicative update algorithms

35 30 which have the nonnegativity constraints, each element is
30 25 sampled from a uniform distribution between 0 and 1. For
g2 @ 50 the co-factorizations, 20 out of 100 columns were chosen for
x 2 = 15 the uncompressed prior.
& i; & 10 As a measure of the reconstruction performances, we used
s 5 signal-to-noise ratio (SNR)
IX I3
=32 =32 z 2 s z 2 s SNR=10log;; — —,
9 g 83 8% 8 X -0V %
O (6]
@) (b) where X is the true value of the input matrixty and V

are the factor matrices obtained by running the algorithms.
The SNRs were averaged over the 100 different trials (Fig-

. ; X ure 2). The bounds were better for the cases where the ma-
achieved from the algorithms (light), for the (a) ALS algo- trix U)' is known in advance, than the cases where the ma-

rithms with Gaussian data (b) Multiplicative algorithmstvi i, 77 is unknown. This indicates that the estimation of
nonnegative data. In each graph, left three are for the dase Both U and V is more difficult than the estimation dF
known representatioty, and right three are for the case of only. The bounds of CS-MF and CS-NMF were seriously
unknownU. degraded compared to the bounds of MF and NMF, as well

as the actual performances, especially for the cases that th
Calculation of Zy matrix U is unknown. However, the co-factorization based
Fisher information matrix fov” andW, Zy -, becomes zero  methods showed much improved bounds, as well as the per-
matrix of dimensiorCK x (N — C)K because the ter#  formances, compared to CS-MF and CS-NMF. The use of
banishes in the derivative with respectip uncompressed prior as the side information actually helps t
improve the reconstruction performance in the learningnfro
the compressed data.

As an illustrative example, we ran the algorithms for the
compressively sampled data on the cameraman image (Fig-
ure 3). We divided the image using 8-by-8 patches to build
an input matrix, and compress each column into the size of
49. 25 % of the data is randomly selected to be used for the

factorization. MoreovelZy is the direct combination of the utncoinpresseltz tﬁr'orj{h CgSMI\(/JIIE brought much better recon-
Ty of matrix factorization andy; of CS-MF. In the previous struction resuft than the ©o-vi.

section, we showed that in general the CRB of matrix fac- )
torization is smaller than the CRB of CS-MF, so this kind of ® Conclusions

Figure 2: SNR computed from the CRB (dark) and SNR

The Fisher information matrix of CS-MCF is the combi-
nation of the Fisher information matrix of matrix factoriza
tion and Fisher information matrix of CS-MF. The parameter
V' in matrix factorization and CS-MF is divided inid and
W in CS-MCF. TheZy andZyy in CS-MCF follows the
form of the corresponding parts of CS-MF, but thg and
Tuw follows the form of the corresponding parts of matrix

combination leads smaller CRB than that of CS-MF. We have presented a method for matrix co-factorizationén th
) ) compressed domain where compressively-sampled data and
4 Numerical Experiments partial uncompressed data were jointly decomposed, gharin

For the numerical experiments, we computed the bounds & fa_ctor matrix. We calculated CRBs for_three matrix factor-
the reconstruction performances using the equation (@), anization methods (MF, CS-MF, CS-MCF) in the case of Gaus-
compared them with the actual reconstruction performancedan likelihood, showing that CS-MCF improves the recon-
of the algorithms listed in the Table 1. We also computedStruction performance over CS-MF. Numerical experiments
the bounds for the cases where we assume that the parame@image confirmed the better performance of CS-MCF over
U is known in advance (10). In that cases, the actual recorf-S-

struction performances were measured based on the mOdiﬁ%knowledgments: This work was supported by NIPA-

algorithms, where the parameféris fixed with the ground-  \iSRA Creative IT/SW Research Project, the Converging

truth values. Research Center Program funded by Korea MEST (No.
To compute the CRB, we have to know the ground-truthy19k001171), NIPA ITRC Support Program (NIPA-2011-

value of the parametels, V', andW, which makes it dif- C1090-1131-0009), and NRF WCU Program (R31-2010-
ficult to use the real-world data where the ground-truth faC‘OOO-lOlOO-O).

tor matrices are unknown. Therefore, we used s;qr(u)gheigic data

for the experiments. The factor matricés € R0*1Y

V ¢ R100x10 gand the sensing matri@ < R20x100 are ran- References
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