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Abstract

Many kinds of data can be viewed as consisting of a set of vectors, each
of which is a noisy combination of a small number of noisy prototype vec-
tors. Physically, these prototype vectors may correspond to different hidden
variables that play a role in determining the measured data. For example,
a gene’s expression is influenced by the presence of transcription factor pro-
teins, and two genes may be activated by overlapping sets of transcription
factors. Consequently, the activity of each gene can be explained by the ac-
tivities of a small number of transcription factors. This task can be viewed
as the problem of factorizing a data matrix, while taking into account hard
constraints reflecting structural knowledge of the problem and probabilistic
relationships between variables that are induced by known uncertainties in
the problem. We present soft-decision probabilistic sparse matrix factoriza-
tion (PSMF) to better account for uncertainties due to varying levels of noise
in the data, varying levels of noise in the prototypes used to explain the data,
and uncertainty as to which hidden prototypes are selected to explain each
expression vector.
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1 Introduction

Many information processing problems can be formulated as finding a factorization of a ma-
trix of data, X ~ Y - Z, while taking into account hard constraints reflecting structural knowl-
edge of the problem and probabilistic relationships between variables that are induced by
known uncertainties in the problem (e.g., noise in the data). A simple example of a technique
for finding such a factorization is principal components analysis (PCA). In this paper, we study
algorithms for finding matrix factorizations, but with a specific focus on sparse factorizations,
and on properly accounting for uncertainties while computing the factorization.

One approach to analyzing data vectors lying in a low-dimensional linear subspace is to
stack them to form a data matrix, X, and then find a low-rank matrix factorization of the data
matrix. Given X € RE*T, matrix factorization techniques finda Y € RE*C and a Z € REXT
suchthat X~ Y - Z.

Interpreting the rows of X as input vectors {Xg}gG:v the rows of Z (i.e. {z.}% ;) can be
viewed as vectors that span the C-dimensional linear subspace, in which case the g'* row of
Y contains the coefficients {y,.}_; that combine these vectors to explain the g'" row of X.

This type of problem was called “sparse matrix factorization” in [1], and is related to inde-
pendent component analysis [2]. In their model, Srebro and Jaakkola augment the X ~ Y - Z
matrix factorization setup with the sparseness structure constraint that each row of Y has at
most N non-zero entries'. They then describe an iterative algorithm for finding a sparse matrix
factorization that makes hard decisions at each step.

On the other hand, our method finds such a factorization while accounting for uncertain-
ties due to (1) different levels of noise in the data, (2) different levels of noise in the factors used
to explain the data, and (3) uncertainty as to which hidden prototypes are selected to explain
each input vector.

2 Probabilistic sparse matrix factorization (PSMF)

Let X be the matrix of data such that rows correspond to each of G data points and columns to
each of T" data dimensions. We denote the collection of unobserved factor profiles as a matrix,
Z, with rows corresponding to each of C factors and 7" columns, as before. Each data point,
X4, can be approximated by a linear combination of a small number (r,) of these transcription
factor profiles, z.:

Tg
Xg ~ anl ygsgnzsgn (1)

'When N = 1, this scheme degenerates to clustering with arbitrary data vector scaling; N = C'yields ordinary
low-rank approximation.
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The factor profiles contributing to the ¢*" data point are indexed by {sg1, 542, . - - , 54r,}, With
corresponding weights {ygs,., Ygsyss - - - Ygs,r, }- This is identical to the X ~ Y - Z matrix factor-
ization with {S,r} representing the sparseness structure constraint. We account for varying
levels of noise in the observed data by assuming the presence of isotropic Gaussian sensor
noise (with variance 1/13) for each data point, so the likelihood of x,, is as follows:

T
P(x4lyg, Z,sg,rg,wg) = N(Xg§ anzlygsgnzsgn’ ¢§I) @)

We complete the model with prior assumptions that the factor profiles (z.) are normally
distributed and that the factor indices (s,,) are uniformly distributed. The number of causes,
r4, contributing to each data point is multinomially distributed such that P(r, = n) = v,
where v is a user-specified N-vector. We make no assumptions about Y beyond the sparseness
constraint, so P(Y)ox 1.

Multiplying these priors by (2) forms the following joint distribution:

PX,Y,Z,S,r|V) = P(X|Y,Z,S,r,¥)-P(Y)-P(Z)-P(S|r)- P(r)

C
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It is often easier to work with the complete log likelihood, /¢:

le = lo
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3 Iterated Conditional Modes (ICM)

Learning globally-optimal settings for variables Y, Z, S, r and the ¥ noise parameter in (4) is
intractable, so we resort to approximate techniques. One possibility is to set each variable to
its maximum empha posteriori (MAP) value and iterate. For instance, this procedure would
modify the r-variable as follows:

r «— argmax P(r|X,Y,Z,S,¥)

r
Le

= argmax{log P(r|X,Y,Z,S, V) +log P(X,Y,Z,S|¥V)} @)

The scheme in (5) is known as iterated conditional modes [3], and can be implemented by
directly maximizing the complete log likelihood, f¢. This section concludes by outlining the
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steps within a single ICM iteration (6)—(10).

Vge{l,...,G},Vne{l,...,r,}:
a 2
Sgn - SQ?E%SHI}C} {z:: (xgt - Zn ygsgn Sgnt> } (6)
Vg € {1,...,G}:
T
. 1 Tg 2 2} C'rg
Tg < argmin — Lot — YgsonZson w + log (7)
! rge{l,.A.,N} {2 tz:; |:< gt Zn:l 98g g9 t) / g V,r_g

Elements of the r-vector and S-matrix are independent of each other when conditioned on
the other variables, so they can be updated element-wise, as in (6)—(7). This is not the case for Y
and Z, whose MAP values can be determined by solving 0¢¢/0Y = 0 and 0¢¢/0Z = 0. Rows
of Y are independent of one another (given {Z, S, r}), as are columns of Z (given {Y,S,r}),
so the updated values for the ¢*® row of Y (8) and the ' column of Z (9) are solutions to the
following linear systems:

Ve € {8g1, 892, 8gry }
Tg T T
2 Yosan {Z } = > aga ®)
n=1 t=1 t=1
Vee{l,...,C}:
< < Ygcly < Lgty
/ t
Za Y 2o 9;29 =D % €)
=1 g=1 9 g=1 9

Finally, the parameter ¥ is learned by updating it with its maximum likelihood estimate,
obtained by similarly solving 0/¢ /0¥ = 0.

T
Vge{l,...,G Z (a:gt — Z ygsgnzsgnt)z (10)

4 Factorized Variational Inference

Iterated conditional modes is a simple method of learning latent variables and parameters by
directly maximizing the log likelihood, but it is susceptible to getting trapped in local maxima.
This occurs because ICM fails to account for uncertainty as it makes hard decisions. Another
solution is to utilize a factorized variational method [4] and approximate the posterior distri-
bution (3) with a mean-field decomposition:

G c G N G
P(Y,Z,8,r[X, 9) ~ [[Qlyy) - [ Q=) - [T ] @som) - ] @ (11)
g=1 c=1 g=1n=1 g=1
We parameterize the Q-distribution as follows:
Age is a point estimate of yge, ... - unless {sq,r4} force ygc to zero.
Tg 8 C
Q)= []0(Wgson — Aosyn) - 1T 5 (yge) (12)
e cez{sgl,;;...,sgrg}
Q(zet) = N(2et; Cets ¢3)7 Q(Sgn =c) = Ognec; Q(rg =n) = Pgn (13)

3
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Using this approach, factorization corresponds to bringing the Q-distribution as close as pos-
sible to the P-distribution by varying the Q-distribution parameters. For this reason, the pa-
rameters in the Q-distribution are called variational parameters [4]. To ensure normalization,
the variational parameters are constrained to satisfy - ogn. = 1 and 32, p,, = 1. Note
that ICM can be considered a special case where the Q-distribution consists entirely of point
estimates of P-distribution latent variables.

In order to closely approximate the P-distribution, we seek to minimize the relative en-
tropy, D(Q||P), between it and the Q-distribution:

1 Q(Y) Z) 87 I')
AC ¢,0,p — argmin Q(Y,Z,S,r) - log
{ } {/\,C,qi),o‘,p}Y 7.S ( ) P(Ya Z) S7 I"X, \Ij)

(14)

There is no closed-form expression for the posterior (denominator in (14)), but we can
subtract log P(X) inside the integral (it is independent of the variational parameters) to form
the readily-minimized free energy, F

Q(Y,Z,S,r)
S P(X,Y,Z.S, V)

= D(Q||P) — log P(X) = / Q(Y,Z,S,1) - lo

Y.,ZS,r

g=1n=1 n'=1c=1 g=1n=1
T < 1L ¢ G
) Z; (1+logo?) + 5 Zz; G+ + = Zlog27rwg
= t=1 c=

1 G N Pun C C C n
520D m > DD H Tgn'c, (xgt_z)‘QCch /t>+z)‘gc/ e | (15)

n'=1 n'=1

Computation of the final term in (15), which sums over all possible configurations of the
sparseness enforcement variational parameters ({S,r}), is GN2CNT). Considerable com-
putational savings can be realized by taking advantage of complete factorization of S; the
[1,/—1 ognre,, probabilities and the Zgzl 252:1 ce chnzl summations can be rearranged to
make things O{GN3C?T) as shown in (16).

G C N N ” a N ,
F=>>>. (Z pgn/> (agcn-log 175) +Y > <pgn -log %)
=1 n'=n n—

n

T

C G

1o e (n—1)p
Z(C3t+¢g)—§z w2 N2,
1c=1 g=1 9 t=1
N C T

& 21GNZ/_pn/ 2 \2 42
# D tog2m 3 D050 S S 00 3 () ]

g= g:l n=1 g9 c=1 t=1

G N N
+ Z Z Z Zn”*n’ Pgn’ Z Z OgenTgeln! AgcAgc Z CetCert (16)

g=1n=1n'=n+1 c=1c=1
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The variational parameters ), ¢, ¢, o, and p can be minimized sequentially by analytically
finding zeros of partial derivatives similar to the ICM case (8)-(10). First, the update for pgy,

can be obtained by finding the zero of 0 [J’: + Ly (1 —25:1 pgn/)] /Opgn:
Vge{l,....,G}, Vne{l ..,N}:
_Z Z ( Tgent” log 1;8’) 1
e

2
Pgn X Vp + € °Tin'=

MQ

T
(Ch gcn);[*%gf)‘gcfeﬁﬁc( 2+¢2)]

ch

LS Sy 8 A 2 G
e @Cl:l N\ Ogc/"/UqC//n// gc’ gc//t:1 4Gty (17)
Part of introducing the £, Lagrange multiplier also involves normalizing p,, by >5_, pgn’ to
make it a valid probability distribution (summing to one).

Likewise, finding the zero of 0 [}' + Lyn (1 S agc/n)] /00 gen yields an update equation

for oyen:

Vge{l,...,G},Vee {1,...,C},Vne{l,...,N}:
L & X ZN//,max(n " )P !
) T ) ) ) —¢—§ 7 1 EN P Ugc/n/)‘ )\ ! El CctCC/t
—_1_ — = = n!!=n Pgn’
ng tgl [(aﬁgt )\gcgct) +)\gc¢c} e glin (18)

Ogen X €

As before, each 74, must be normalized by 3°9_, Tgein-
¢. is updated as follows:

G
QZ)E — |1+ Z Z Ogcn Z Pgn’ (19)

g=1 gnl

Analogous to the ICM case, rows of \ are independent of one another as are columns of ¢,
given all other variational parameters. Updated values for the g*" row of A and the #*! column
of ( are solutions to (20), (21).

Vee{l,...,C}:

C N N N T
Z )\gc’ { (Z Z (Ugcnagc’n’ + Ugcn’agc’n) Z pgn”) (Z Cct(c’t) }
=1

n=1 n’*n—l—l n/'=n’' t=1

ey {(z ; o ) (z @+ ¢z>)} _ (i i p) (z <> @)

C G

Cct j : § : gc’)\gc E : § : §
+ gc’t Ugcnagc n + Ogen' O gc! n Pgn’
g=1

= n=1n'=n+1 n''=n/

G N N

Z .%‘gt)\gc Z Tgen Z P (21)
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Finally, parameter ¥ is again learned by solving 0.5 /0¥ = 0.

Vg e {1,. G} :
T 1 N T
Z (Zagcnngn)z [ Lgt — gcCct +)‘§c¢z} - T (Z(n - 1) pgn) ngg
=1 = t=1 n=2 t=1
+—= Z Z (Z Z OgenOge'n! Z ,Ogn’/> )\gc)\gc ZCCth’t (22)
c_1 =1 \n=1n'=n+1 n''=n'

5 Structured Variational Inference

The mean field decomposition in (11) assumes a significant degree of independence among
{Y,Z,S,r}. More accurate Q-distributions approximating (3) are possible if more structure is
introduced. For instance, if the number of factors associated with each data point (r,) and the

indices of these factors (sg1, ..., s4:,) are coupled, the Q-distribution assumes the following
structure:
G C G
P(Y,Z,S,r[X,¥) ~ H o) Q@) -] Q) (23)
g=1 c=1 g=1

An obvious parameterization is as follows:

Age is a point estimate of ygc, ... .- unless {sq,rg} force ygc to zero.
Tg C
Q (YQ) = H 5 (yQSgn - AgSgn) ’ H 5 (ng) (24)
n=1 c=1
C¢{8g17892’~--a3g7‘g}
Q(zet) =N (2et; Cot, 92)5 Q(sg=[c1 c2 -+ en ], Tg=n) = Ogercpen (25)

Calculating D(Q||P) — log P(X) as before (15) yields the new free energy:

G N C C C o
F = Z Z Z . Z Z Ogeroen1on - gC1Cn_1Cn
g=ln=1c1=1 cn—1=14+cp—2 cn=14cn—1 Vn/Z '=1 l/n )
C
—g2(1+10g¢2 +;ZZ Cct+¢2 210g27m/]g
c=1 t=1 c=1
1 G 1 N C C T n
D VEED 3 YD S of [CF S R I L
g=1 "9 n=1c1=1 cp=1+cp_1 t=1 n’=1 n'/=1

Because the factor probabilities are not fully factorized as before, no meaningful simplification
of this O(GN?CNT) expression is possible.

It should be noted that since the factors for each data point are no longer independent,
elements of each s, must be sorted in ascending order for the sake of uniqueness. This is
built into the indexing of the ch x chn_lzl Nen_s Zi:l tep_, Ogerc, Summations. The
other implication is that while factor ch01ces are still uniformly distributed, the ¢ variational
parameters are no longer uniform because the P(r, = n) = v, prior is mixed in, as shown in

the first line of (26).
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Finally, an even less-factored approximating Q-distribution discards the assumption of in-
dependence between Y and {S, r}. Its Q-distribution is:

C G
P(Y,Z,8.r[X, )~ [[Q(z) [] Q(yg:50:70) (27)
c=1 g=1

with new parameterization:

n
Q (Yga Sg= [ Cl C2 -+ Cp ]7 Tg= n) = Ogcicocn * H 5(ygcn/ gn'cica-- cn H 5 ygc (28)
=l c¢{017527 -G }

The free energy is identical to (26) except that ). , is replaced with Ag,/¢,c,...c,, - This factor-
ization improves accuracy, but requires IV times the memory as the first structured variational
technique. In the former, the bottleneck is o4, ¢,...c,,, requiring storage for G - Zflvzl (g) floating
point values. In the latter, the bottleneck is Agyc, cy...c,,, With G - N - Zr]y:l (2) values.

6 Simulation Results

We present the results of applying the optimization algorithms presented in the previous sec-
tions to sample data. This data was generated with the following MATLAB code:
% Generate Sample Data in MATLAB
Z = randn(C,T);
Y zeros (G,C) ;
for g = 1:G,
n = ceil (N+xrand);
Y(g,ceil (Cxrand(l,n))) = -5 + 10xrand(1l,n);
end;
X =Y » Z + randn(G,T);
Since the data is artificially generated directly from the generative model (-), this is not a
valid test of model applicability to real-world situations. This synthetic data can, however, be
used to assess the relative performance of each Q-distribution factorization depth.

Each of the algorithms (ICM, (11), (23), (27)) was run for 100 iterations on a data set with
G =1000,T = 15,C = 25,and N = 3. The variational methodsused v = [ .55 .27 .18 ] (i.e.
vy, o 1/n), though other priors weighted more towards low n-values? would produce similar
values. The plots showing the free-energy minimization (and the related log likelihood (4)
maximization) are shown in Figure 1.

Clearly, iterated conditional modes is outperformed by mean-field factorization, and the
structured factorizations in turn outperform mean-field. Interestingly, the Q(Y) - Q(S,r) and
Q(Y,S,r) structured factorizations end up with similar log likelihoods. They differ greatly,
however, in computational complexity, which is shown by plotting free energy and log likeli-
hood as a function of running time (as opposed to iteration) in Figure 2.

For this particular data set size (G = 1000, T' = 15, C' = 25, N = 3), the tradeoff be-
tween computational complexity and Q-distribution accuracy is such that each step up in al-
gorithm complexity involves roughly an order of magnitude increase in running time. The

2A uniform prior v (reflecting no knowledge about the distribution of r) would give equal preference to all
values of a particular 4. For any given r,<N, a factor can almost always be found that, if present with infinitesimal
weight (y,.), will imperceptibly improve the cost function (F), with the end result that almost all 7, would then
equal N. Weighting the prior towards lower values ensures that factors will only be included if they make a
noteworthy difference.
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Figure 1: Free energy (F) minimization and model log likelihood (¢¢) maximization as a function of EM
iteration. Iterated conditional modes and factorized variational methods with three different factorization
levels are shown.
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Figure 2: Free energy (F) minimization and model log likelihood (¢¢) maximization as a function of
running time. lterated conditional modes and factorized variational methods with three different factor-
ization levels are shown.

key running-time quantity to keep in mind is C? (for ICM and mean-field) versus CV (for
more-structured Q).
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7 Summary

Many kinds of data vectors can most naturally be explained as an additive combination of
a selection of prototype vectors, which can be viewed as computational problem of finding
a sparse matrix factorization. While most work has focused on clustering techniques and
methods for dimensionality reduction, there is recent interest in performing these tasks jointly,
which corresponds to sparse matrix factorization. Like [1], our algorithm computes a sparse
matrix factorization, but instead of making point estimates (hard decisions) for factor selec-
tions, our algorithm computes probability distributions. We find that this enables the algo-
rithm to avoid local minima found by iterated conditional modes.
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