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Abstract

Tensors are multi-way arrays, and the CANDECOMP/PARAFAC (CP) tensor factorization
has found application in many different domains. The CP model is typically fit using a least
squares objective function, which is a maximum likelihood estimate under the assumption of
independent and identically distributed (i.i.d.) Gaussian noise. We demonstrate that this loss
function can be highly sensitive to non-Gaussian noise. Therefore, we propose a loss function
based on the 1-norm because it can accommodate both Gaussian and grossly non-Gaussian
perturbations. We also present an alternating majorization-minimization (MM) algorithm for
fitting a CP model using our proposed loss function (CPAL1) and compare its performance to
the workhorse algorithm for fitting CP models, CP alternating least squares (CPALS).
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1 Introduction

The CANDECOMP /PARAFAC (CP) tensor factorization [6, 11] can be considered a higher-order
generalization of the matrix singular value decomposition and has many applications. The canonical
fit function for the CP tensor factorization is based on the least squares error, meaning that it is a
maximum likelihood estimate (MLE) under the assumption of additive independent and identically
distributed (i.i.d.) Gaussian perturbations. It turns out, however, that this loss function can be
sensitive to violations in the Gaussian assumption. This is important to note because many other
types of noise are relevant for CP models. For example, in fMRI neuroimaging studies, movement
by the subject can lead to sparse high-intensity changes that can be confused with brain activity [9].
Likewise, in foreground/background separation problems in video surveillance, a subject walking
across the field of view represents a sparse high intensity change [20]. In both examples, there is a
relatively large perturbation in magnitude that affects only a small fraction of data points; we call
this artifact noise. These scenarios are particularly challenging because the perturbed values are on
the same scale as normal values (i.e., true brain activity signals and background pixel intensities).
Consequently, there is a need to explore factorization methods that are robust against violations
in the Gaussian assumption. In this paper, we consider a loss based on the 1-norm which is known
to be robust or insensitive to gross non-Gaussian perturbations [12].

Vorobyov et al. previously described two ways of solving the least 1-norm CP factorization
problem based on a linear programming and weighted median filtering [25]. We offer yet another
approach based on a majorization-minimization (MM) strategy [13]. Like both methods described
in [25] our method performs alternating minimization.

The rest of this paper is organized as follows. Section 2 describes the notation and common
operations used throughout the paper. Section 3 reviews probability basics needed to understand
maximum likelihood estimation. Section 4 introduces maximum likelihood estimation and discusses
several examples. Section 5 frames the CP tensor factorization problem as a maximum likelihood
estimation problem. Our robust iterative algorithm - CP Alternating Least 1-norm (CPALI) - is
derived in Section 6. The global convergence of CPAL1 is proven in Section 7. In Section 8 we
compare CPAL1 and the standard CP factorizations by alternating least squares (CPALS) in the
presence of non-Gaussian perturbations on simulated data. Section 9 discusses related problems
and possible extensions. Concluding remarks are given in Section 10.
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2 Notation and Preliminaries

2.1 Tensors

We use the notation defined in [15]. The order of a tensor is the number of dimensions, also known
as ways or modes. Vectors (tensors of order one) are denoted by boldface capital letters, e.g., a.
All vectors are column vectors. Matrices (tensors of order two) are denoted by boldface capital
letters, e.g., A. Higher-order tensors (order three or higher) are denoted by boldface Euler script
letters, e.g., X. Scalars are denoted by lowercase letters, e.g., a.

The ith entry of a vector a is denoted by a;, element (4, j) of a matrix A is denoted by a;j,
and element (i, j, k) of a third-order tensor X is denoted by ;. Indices typically range from 1 to
their capital version, e.g., ¢ = 1,...,I. The nth element in a sequence is denoted by a superscript
in parentheses, e.g., A denotes the nth matrix in a sequence. The transpose of the ith row of a
matrix A is denoted by ap;). The jth column of a matrix A is denoted by a;.

Fibers are the higher-order analogue of matrix rows and columns. A fiber is defined by fixing
every index but one. Slices are two-dimensional sections of a tensor, defined by fixing all but two
indices. The mode-n matricization of a tensor X € RI1*22XXIN s denoted by X(ny and arranges
the mode-n fibers to be the columns of the resulting matrix.

The Khatri-Rao matrix product is important in the sections that follow, so we define it here.
First recall that the Kronecker product of vectors a € R™ and b € RY, denoted by a ® b, is a
vector of length M N and is defined by

a@b=[ab" ab’ - ayb']

The Khatri-Rao product [23] is the “matching columnwise” Kronecker product. Given matrices
A € R™*K and B € R7*K | their Khatri-Rao product is denoted by A ® B. The result is a matrix
of size (IJ) x K defined by

AGB=[a®b; ay®by --- ag®@bg].
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3 Review of Probability Basics

Some basic fluency of random variables, probabilities, densities, and probability mass functions
will be necessary to understand the subsequent discussion on likelihood functions. A thorough
treatment of probability basics and likelihood functions can be found in, e.g., [22].

Random variables will be denoted by capital letters, e.g., X. The observed values they take on
will be denoted by lower case letters, e.g., x. The nth random variable in a sequence or set of them
is denoted by a subscript, e.g. X;, and similarly the observed value of the nth random variable is
denoted by a subscript, e.g., z;.

For any random variable, X, its randomness is completely characterized by its associated cu-
mulative distribution function! (CDF), denoted by Fx which is defined as

Fx(a) = P(X < a),

i.e., the probability that the random variable X is less than or equal to a. We will be dealing
with only two kinds of random variables: continuous and discrete. We say X is a discrete random
variable if it can take on at most countably many values; for example, the value of a die toss is
a discrete random variable. Without loss of generality, we assume that discrete random variables
only take on nonnegative integer values. We say X is a continuous random variable if it can take
on uncountably many values.

Example 3.1 If X is distributed uniformly from zero to one, denoted as X ~ U|[0, 1], then its
CDF is

0 ifa<O
Fx(a)=P(X <a)=<a if0<a<1 O
1 a>1.

The CDF of every continuous random variable can be written as the integral of an almost
everywhere (a.e.) unique nonnegative function called the probability density function (PDF)2. The
PDF is denoted by fx and is related to the CDF by:

Fy(a) = /_ " (@)

Example 3.2 If X ~ U]0,1], then its PDF is

fX(ﬂU)—{l z € 10,1] -

0 otherwise.

The CDF of a discrete random variable, X, can be written as the partial sum of a unique
nonnegative sequence called the probability mass function (PMF) and denoted by fx(k). The

! Also commonly referred as probability distribution, distribution function, or simply distribution.
2Density, density function, and probability density function are synonymous.
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PMF is related to CDF by,

where fx (k) = P(X = k).

Since the randomness of a random variable is completely characterized by its CDF, and a CDF
for a continuous (discrete) random variable has an a.e.-unique PDF (unique PMF), we can also
characterize the randomness of a continuous (discrete) random variable by its PDF (PMF).

3.1 Multivariate Probability Distributions

CDFs, PDFs, and PMFs can be defined for collections of random variables, X7, ..., X,. The joint
CDF of the collection of random variables X1, ..., X, is defined to be

FXL_._’Xn(al, e ,an) = P(Xl S at, ... 7Xn S an).

If the variables are continuous, the joint PDF of X;,...,X,, is defined to be the a.e. unique non-
negative function fx, . x, such that

al an
Fx,, .. x,(a1,...,ap) :/ / Ixi o xn (@1, zp)dey .. day,.
—00 —00

If the variables are discrete, the joint PMF is defined to be the unique nonnegative function fx, . x,
such that

al an
FX1,...,Xn(a17"'7a/’n) — Z e Z le,.A.,Xn('fla"' 7'1“71)'

:E1=O xn=0
Given a joint CDF F, . x,, the marginal CDF of the random variable X; is denoted F'x, and
given by

Fx, (az)— lim --- lim lim --- lim Fx, . x,(a1,...,a,).
1—00 @j—1—00 Aj41—>00 Ap—00 7

If the random variables are continuous then,

FXi(a@')Z/ / / fxi o xn (@1, zp)dey .. doy,.

If they are discrete, then

Fx,(ai) Z Z > xxn (31 ).
1=0 ;=0 =0

Definition 3.3 (Independence) Suppose the random wvariables Xi,..., X, have a joint CDF
Fx,. . x, and each X; has marginal CDF Fx,. If

n
FX1,...,Xn(xla e 75671) = HFXZ (:U’L))

12



then X1,...,X, are said to be independent.

If the X; are all continuous (discrete) random variables with joint PDF (PMF) fx, . x, and
marginal PDFs (PMFs), fx,, then they are independent if and only if

n

[xiox, (@1, ., 2n) = H Ix; ().

=1

Definition 3.4 (Independent and Identically Distributed) We say that Xi,..., X, are in-
dependent and identically distributed (i.i.d.) random variables if they are independent and Fx, =
Fx,=---=Fx,.

3.2 Common Distributions

We will be using the following PDF's in our tensor factorizations.

Normal or Gaussian

A continuous random variable X has a Normal or Gaussian distribution with mean p € R and
standard deviation ¢ > 0, denoted X ~ N(u,0?), if it has the PDF

fx(@) = 21 exp <_<x—ﬂ>2> |

2 202

Laplace or Double exponential

A continuous random variable X has the Laplace or double exponential distribution with mean
u € R and scale parameter v > 0, denoted X ~LAPLACE(u,~), if it has the PDF

fx(z) = iexp <_‘$ - M|> .

2y Y

Poisson

A discrete random variable X has the Poisson distribution with rate or intensity parameter A > 0
denoted X ~ POISSON()\), if it has the PMF

Mexp(=A) - p ez,

fX(k) — { k!

0 otherwise.

13



3.3 Parametric Families

All the distributions given in the previous section are completely specified by a finite number of
parameters. A Poisson distribution is specified by its intensity parameter which is a positive real
number. So, the set of all Poisson distributions can be indexed by positive reals. The following
definition formalizes the idea that families of related distributions can be indexed by a finite number
of parameters.

Definition 3.5 (Shao [22]) A set of CDFs {Py} indexed by a parameter 8 € © is said to be a
parametric family if © C R? for some fized positive integer d and each Py is a known CDF when 0
is known. The set © is called the parameter space and d is called its dimension.

Note that if a continuous random variable X has a PDF fx(-;#) that is from a parametric
family indexed by 6 € ©, then we can view fx(z;6) as a mapping from R x © into R. If we observe
the value of X to be x, then fx(x;60) maps # € O to a point in R. This mapping, fx(z|-): © = R,
is called the likelihood function and is denoted by ¢ : © — R. The likelihood function is similarly
defined for the discrete random variable with a parametric distribution, viewing its PMF as a
function of its parameter given the data.

We are now ready to pose the following question: Given some observations or data and assuming
the data has been generated from a parametric family (e.g., the family of all Poisson distributions),
which member of the family is most consistent with the data? Since each member of a given
parametric family is indexed by its parameter, this problem is referred to as estimation since
we are using the data and assumptions about its distribution to estimate the parameter of the
distribution that best agrees with the observed distribution of the data. Best can be interpreted in
many ways, but we will discuss in the next section one of the most widely used notions of best in
statistics: the estimate that maximizes the likelihood.

14



4 Maximum Likelihood Estimation

Let © denote the closure of ©. Then the maximum likelihood estimate (MLE) is a parameter value
* € © that maximizes the likelihood function

£(6°) = max £(6).

Example 4.1 (The Sample Mean) Suppose X7, ..., X, are i.i.d. random variables with shared
distribution N(u,1) and observed values z1, ..., z,. We will show that the MLE of y is the unique
solution to a least squares problem. Since the random variables are independent, the likelihood
function is the product of the marginal densities of each X;:

= exp(—(z; = 1)*/2).

o1z

Often we will maximize the log of the likelihood, the log-likelihood. Since the log function is
monotonically increasing, an argument that a maximizes the log-likelihood is an MLE. Maximizing
the log-likelihood turns the product of marginal likelihoods into the sum of marginal log-likelihoods:

G|
max log £ maxlo ex —n)?%/2) ],
i log (11 g(]_[lﬁ p(— u)/))

1
=— Zlog - = mln (z; — p)?,

€R
2 peR —

1=

The unique stationary point is the global minimizer and is given by the sample mean:
1 n
i

Example 4.2 (Linear Regression) Building on the previous example, we next show that the
ordinary least squares problem is equivalent to a maximum likelihood estimation problem. Suppose
X € R™P? and Yi,...,Y, are independent random variables and Y; ~ N( Tb 1) where b € RP.
We calculate the MLE of b. Since the random variables are independent, t{w hkehhood function
is the product of the marginal densities of each Y;:

exp (yl - XEE]b>2 /2).

0-1lx

15



Maximizing the log-likelihood function yields

&ﬁ)}gbgﬁ(b) maxlog (Hrexp (y x[l ) /2))

— max ( 1og(\/%)—( Z]b) /2>

beRp
A

_ . o 2
= Zlog 2&%}7”}’ Xbl[*.

If X is full rank, then the MLE is unique and is given by:
b* — (XTX>_1 XTy.

If X is not full rank, then the MLE is not unique, but the MLE with the least 2-norm is given by:
b* — (XTX>TXTy,

where (XTX)T denotes the Moore-Penrose pseudoinverse of XX [10]. O

Example 4.3 (Principal Components) We next show that the optimization problem behind
the principal components decomposition of X is equivalent to a maximum likelihood estimation
problem. Suppose we observe a two-way array of independent random variables {X;;} where
i=1,...,n;5=1,...,p; and X;; ~ N(a]b;, 1) with a;, b; € R¥, k = min(n,p) and both {a;} and
{b;} are sets of pairwise orthogonal vectors. Let x;; denote the observed value of X;;, and let X
denote the matrix of observed values. We calculate the MLE of (A, B) where the ith column of
A € RF*" is a; and the jth column of B € RF*P is b;. Let C denote the set of matrices that have
pairwise orthogonal columns. Since the random variables are independent the likelihood function
is the product of the marginal densities of each Xj;:

((A,B) HH

i=1j=1

\ﬁ exp(— (xw z_bj) ’ /2).

We then maximize the log-likelihood function:

exp (xij - a;rbj>2 /2)

A,BeC

np

max log/(A,B) = nax, log HH
=1j

= Eggczz < 10g — <$ij — a;rbj)Q /2) .

2
:—ZZlog — — min HX—ATBH
2 ABeC F
=1 j=1
The MLE is not unique, but an MLE can be obtained from the SVD. Let UEXV " denote the SVD
of X, then an MLE is given by (A*, B*) = (UT, V). O

16



Example 4.4 (nonnegative matrix factorization) In nonnegative matrix factorization (NNMF),
the goal is to approximate a nonnegative matrix by nonnegative components. One way of obtaining
an NNMF is by finding a nonnegative factorization that minimizes the generalized Kullback-Liebler
divergence loss [18, 19]. We show that that a solution that minimizes a popular loss function for
nonnegative matrix factorization is an MLE under a Poisson model for uncertainty. Suppose we
observe a two-way array of independent random variables {X;;} where i =1,...,n; j =1,...,p;
and X;; ~Poisson(a] b;) where a;,b; € R¥ and k < min(n,p). We calculate the MLE of (A, B)
where the ith column of A € Rixn is a; and the jth column of B € R]f(p is bj. Since the random
variables are independent, the likelihood function is the product of the marginal densities of each
Xz'j:

=1 :

]

We then maximize the log-likelihood function:

max log /(A, B) ZZlogaEU' —|—maxZZ{ z;ilog(alb;) — ;rbj)},

=1 j5=1 =1 j=1

where the A and B are required to have strictly positive entries. [

17
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5 Tensor Factorizations as Maximum Likelihood Estimates

The CANDECOMP/PARAFAC (CP) tensor factorization [6, 11] can be considered a higher-order
generalization of the matrix singular value decomposition (SVD). Just as the SVD of rank R
approximates a matrix as the sum of R rank-1 matrices, the CP factorization of rank R approximates
a tensor as the sum of R rank-1 tensors. For example, given a 3-way tensor X € R/*/*K we seek
factor matrices A € RI*E B € R/*E C e RE*E such that

R
Tijk A Z @irbjrChey.
r=1
Following Kolda [14] (see also Kruskal [16]), the CP model can be concisely expressed as
R
X ~[A,B,C] = Zar ob, oc,.
r=1

A CP factorization is often unique up to a scaling indeterminacy and permutations; see [15] for a
review of conditions for uniqueness. The scaling indeterminacy can be addressed by requiring that
the columns of A, B, and C have unit Euclidean norm and introducing a scaling constant, A, > 0,
for r =1,..., R. Under these constraints the CP factorization becomes:

R
X~[X\AB,C[=)> \arob,oc,.

Determining the rank of a tensor is NP-hard [24] and is beyond the scope of this report; see
[15] for discussion on the rank of a tensor. Instead our attention is on how to compute a CP
factorization given a rank R. Thus, given a rank R and a tensor X, our goal is to find A, B, C, and
A. Clearly we would like Zf’:l Ar@irbjrc, to be “close” to x;;. The standard loss function used to
measure closeness is the 2-norm of the difference and the “workhorse” algorithm is alternating least
squares (CPALS) which was proposed in the original CP papers [6, 11]. Specifically the objective
function used in CPALS is

I J K R 2
HZZZ (:L‘ijk—Z)\rairbjrckr> . (1)

=1 j=1 k=1 r=1

For computational expediency, in CPALS the objective function is minimized with respect to one
factor matrix at a time holding all other factor matrices constant. Each update of a factor matrix
is a least squares problem, hence the name.

Another loss function is given by 1-norm sense. Finding the least 1-norm factorization yields
the following problem



Both least 1-norm and 2-norm solutions are equivalent to maximum likelihood estimation as-
suming i.i.d. additive noise. That is

R
Tijl = Z Ar@irbjrCrr + €4k,

r=1
where e;;;, are i.i.d. N(0,1) for the 2-norm and i.i.d. LAPLACE(0, 1) for the 1-norm.

The relationship between the loss function and assumptions about the statistical behavior of
the residuals is important because the fitted factorization can be sensitive to differences between
the true behavior of the residuals and the assumed behavior.

20



6 Majorization Solution to ¢; Minimization

MM algorithms have been applied to factorization problems previously [19, 5, 8]. The basic idea of
an MM algorithm is to convert a hard optimization problem (e.g., non-convex, non-differentiable)
into a series of simpler ones (e.g., smooth convex), which are easier to minimize than the original.
To do so, we use majorization functions.

Definition 6.1 Suppose g and h are real-valued functions on R™. We say that h majorizes g at
x € R™ if h(u) > g(u) for allu € R"™ and h(x) = g(x).

Thus if h majorizes g at some point, then the graph of h lies above the graph of g everywhere except
where the graph of h touches the graph of g. Algorithm 1 outlines a simple iterative strategy for
finding the minimizer of a function g. It is easy to see that Algorithm 1 always takes non-increasing
steps with respect to ¢ for the following reason. Consider the iteration starting at x(¥). Since x(*+1)
minimizes h(-|x*)), we have

g(x®)) = h(x®]x®)) > p(xEDxk)) > g(xE+D),

Algorithm 1 Majorization-Minimization for minimizing a function

x(© « random point in R"
h(-|x(©) « majorization of g at x(%).
k<0
repeat
x(k+1) « argmin h(x|x*))
X

h(-|x*+1)) <~ majorization of g at x(*+1)

k+—k+1
until convergence
return x(**1)

We now derive a majorization for use in an MM algorithm for ¢; regression as originally sug-
gested in [17] for use in our basic robust tensor factorization introduced in the next section.

Proposition 6.2 (Majorizing the square root function) Given ¢ > 0, let g.(u) = v/u + € for
uw > 0. If u > 0, then the following function majorizes g. at @:

u—1u

20Wu+e

he(ult) = Vau+ e+

21



Proof. It is immediate that g.(@) = he(a|a). We show that the required inequality holds by
rearranging a well chosen initial inequality:

0< (Vu+e—Vi+e)?
0<(u+e€)—2Vu+eviu+e+ (a+e),
2vVut+evu+e< (u+e)+ (a+e)
JiTe< (ute€)+ (a+e)

(ute)—(a+e)+2(a+e)
Vu+e< 2\/117_’:6 )

20/u+e

Vu+e<Vi+e+

ge(u) < he(u,a).

6.1 Solving the /; Regression Problem by an MM Algorithm

We now show how to use the majorization derived in Proposition 6.2 to perform robust linear
regression using the ¢; norm. Given a vector y € R! and a matrix M € R’*/. We would like to
find a vector u € R’ such that Mu is a good approximation to y in a least ¢; sense. Recall that
my; denotes the transpose of the ith row of M. We search for the vector u that minimizes the loss:

i — m[Ti]u’ = min Z i (u (3)

ucRk’/

min L(u) = min
uckR’ ueR’ =1

where r;(u) = y; — mg]u.
Our MM algorithm will minimize the following smooth approximation to L(u):

1

Le(u) =Y Vri(w)? +e,

=1

where € is a small positive number. We apply this approximation to curb potential numerical
instability if a residual gets close to zero. There is little downside from a robustness perspective to
making this approximation. The 1-norm loss is statistically robust because it is less influenced by
unusually large residuals, and L.(u) is a good approximation of L(u) for large values of r;(u). We
now use Proposition 6.2 to derive a majorization for L.(u).

Proposition 6.3 The function L.(u) is majorized at a point G € R’ by the function

1 ~
. Tz(u)Q
—;{\/ S 3 %ﬂ} (4)

22



The proof follows immediately from Proposition 6.2.

The majorization in equation (4) allows us to solve the minimization problem (3) by solving a
sequence of weighted least squares problems. Given the mth iterate, u™, the next iterate, u(™+1,
is set to be the minimizer of the majorization of L¢(u) at u(™:

. 2 ... (m))Z
(m+1) _ aremin u(m) 9 Led Tz(u) m(u . 5
g Zz; ) 2¢/ri(ulm)2 + ¢ (5)

Note that only terms that depend on u are relevant to the minimization in equation (5); thus

I
umth) = argmlnz (u (6)

\/n u(m) —I—e

Let W™ e R/* be the diagonal matrix defined by (W™, = 1/\/r;(um)2 + e fori=1,...,1
Then the minimization problem (6) is a weighted least squares problem with weight matrix w )

(m+1) — argmin (y — Mu)"W™) (y — Mu). (7)

u

u

The minimization problem (7) will have multiple solutions if M is not full rank. There is a unique
solution with the least £ norm among all solutions, however, and it is given by

u™) = (MTWM) IMTW )y (8)

The relationship between the ¢; regression fit and ordinary least squares (OLS) regression fit
can be understood through the effect of the weight matrix W. If the ith data point has a poor
fit in iteration m, then m(u(m))2 will large and its contribution to the optimization problem at
iteration m + 1 will be downweighted by the factor 1/4/r;(u(™))2 + ¢. Conversely the contributions
of data points with small residuals, or good fits, in the mth iteration will be upweighted in the
optimization problem at iteration m + 1 by a factor of 1//7;(u(™)2 + €. In contrast, OLS can
be thought of as a weighted least squares problem with the identity matrix as the weight matrix.
Since OLS weights all residuals equally, the resulting fit can be significantly influenced by a single
outlier.

6.2 Robust Tensor Factorization with Alternating Least /; Regression

We now show how the preceding ¢; regression solution can be used to perform robust CP factoriza-
tion. Consider a 3-way tensor, X, of dimensions I, I2, and I3. We propose to perform a robust CP
factorization of rank R by minimizing the total £ loss, L(A, B, C, X), where A € R\ X B ¢ RE2XE
and C € R3*E have columns with unit Euclidean norm, and X € Rf and

Iy I I3

L(A,B,C,A Z Z Z Liqigiz — Z)\ Qjyp ’LQTC’LgT .

i1=112=113=1

This minimization problem is nonlinear and non-convex. Instead of simultaneously solving for
A, B, and C, we can instead resort to minimizing A, B, and C in turn while holding the other
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two fixed. This is an ¢; equivalent version of alternating least squares (CPALS), which we call CP
alternating least 1-norm (CPAL1). Each subproblem is a convex minimization problem. Let us
consider the subproblem where B and C are fixed in the alternating ¢; minimization. The mode-1
matricization of the rank-R approximation [A; A, B, C] is A(C ©® B)T where A = A - diag(\); see
[15]. Thus, we search for A that minimizes

~

X1 — A(CoB)T,

Mg, = "lmil.
i

Upon finding such an A, we normalize the columns of A to get A; in other words, let A, = [|&,|
and a, = &,/\,.

where

We proceed using the mode-1 matricization. Let Z = X(;) and Q = C© B. So, Z € RIx 1213
and Q € R2BXE_ Recall that ay € R and qp) € RE denote the transposes of the ith row of A
and the jth row of Q respectively. The minimization can then be expressed as

I I213

mlnE E )ZU -I;é

i=1 j=1

This minimization problem is separable by rows. So, for each row ¢ of A, we minimize

1213

Liag) =3

j=1

(9)

T A
Zij — A[j 2| -

Note that this minimization problem is a least ¢; regression problem where we are looking for the
best linear predictor Qay;) of zj;) in a least /1 sense. Compare equation (9) with equation (3) and
note that n = I3,y =z, M = Q, and u = ay;.

We solve the neighboring problem with small € > 0, minimizing the following loss

IDYES
\// (lb]flh] *‘ €,

and apply the iterative update rule derived in equation (8) from section 6.1, to get the following
iterative update for the ith row of A

where ng) € Rl2IsxI213 i 5 diagonal matrix whose jth diagonal entry is the inverse of the jth
residual from the mth iteration for the ith row regression, i.e.,

<W§m)>jj = [(Zij - q[Tj]éEg”f + e]

We have I} independent ¢; regressions to solve to obtain one iterate of A. Similarly we wil have
I, independent /7 regressions to solve to obtain one iterate of B, and I3 independent #; regressions

1
2
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Algorithm 2 CP using alternating 1-norm minimization (CPALL)
1: initialize A™ € RIn*R for n =1,..., N.

2: repeat
33 forn=1,...,N do
4: repeat
I
5 Q« (Auv) -0 AT o A1) ...@A<1>>
6: Z +— X(n)
7 fori=1,...,1; do
8: forjzl,...,Hk#Ikdo
1

N\ 2 -3
9: Wj <— |:<Zz] — qg}afz])) + E:|
10: end for
11: W «+ diag(w)
12: :j;? ~ (QTWQ)IQTWq;
13: end for
14: until fit for A" ceases to improve or maximum iterations exhausted
15: normalize columns of A™ (storing norms as )

16:  end for
17: until fit ceases to improve or maximum iterations exhausted

18: return )\,A(l),A(Q), .. .,A(N)

to solve to obtain one iterate of C. Algorithm 2 outlines pseudocode for the CPAL1 decomposition
with R components for the Nth-order tensor X of size Iy x I3 X --- Iy. The symbol 1 denotes the
transpose pseudoinverse. Note that in line 5 the transpose pseudoinverse has a special form which
facilitates efficient computation. See [15] for details.
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7 Global Convergence

We prove that iterates generated by a Tychonoff regularized version of CPAL1 globally converge
to stationary points of the penalized loss. The proof relies on piecing together global convergence
results for the nonlinear Gauss-Seidel (GS) method and for MM algorithms. We begin by reviewing
the GS method. Let f: R™ — R and partition the vector x € R™ so that

X = (X1,X2, ..., Xm),
where x; € R" and nj +ng + - - - + n,y = n. Suppose for every x € R” and every ¢ = 1,...,m, the
optimization problem
minimize f(X1,...,Xj—1, W, Xit1,- .., Xm)

subject to u € R™,

has at least one solution. Then the GS method generates a sequence of iterates {x(*)} with the
following update rule for the ¢th coordinate block

xgkﬂ) € argminf(x(lk+1), .. ,xglﬁl_l), u, Xz@l? . ,ng)), (10)
ucR™:
where x(F) = (xgk), e ,x,(p,]i)). The following proposition gives conditions for convergence of the GS
iterates.

Proposition 7.1 (Proposition 2.7.1 in [4]) Suppose that f is continuously differentiable on R™.
Furthermore, suppose that for each i and x € R™, the minimum below

urgﬂi{%if(xh sy Xi—1, W, .. 7X’m)

is uniquely attained. Let {x*)} be the sequence generated by the GS method (10). Then, every
limit point of {x®)} is a stationary point.

If each GS block coordinate update (10) is accomplished through an MM algorithm, as in
CPALI1, then we need to ensure that the MM algorithm has a unique global minimizer for the
block minimization problem. The following proposition gives conditions under which this is true.

Proposition 7.2 (Proposition 15.4.3 in [17]) Let g : R? — R denote the objective function
to be minimized and h(x|y) be a majorization of g at the point y. Suppose g is continuously
differentiable, coercive in the sense that all its level sets are compact, and is strictly conver. Suppose
further that h(x|y) is jointly twice continuously differentiable in (x,y) € R?" and is strictly convex
i X with y fized. Let {x(k)} denote a set of iterates generated by the MM algorithm

k1) — argmin h(ulx®).

ueRr

x(

Then limy_ oo x\¥) exists and is the unique global minimizer of g.
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Recall that a given block coordinate minimization problem for updating a factor matrix in
CPALI can be solved row-by-row by minimizing the following loss function

1213

The loss function L¢(a) does not meet all the conditions specified in Proposition 7.2. Specifically,
while L.(a4) is convex, it cannot be guaranteed to be coercive and strictly convex in 4. The
following proposition, however, shows that coerciveness and strict convexity can be enforced through
Tychonoff regularization.

Proposition 7.3 If f : R — R is conver and differentiable then g(x) = f(x) + u||x||? is strictly
convez and coercive for any p > 0.

Proof. It is immediate that g is strictly convex from the definition of strict convexity. We show
that g is coercive. Fix arbitrary points x,z € U and x # z. Since f is differentiable and convex

f(2) = f(%) + df (x)(z — x).

Adding p|/z|? to both sides we get

9(z) > f(x) + df (x)(z — x) + pl|z]>.

Therefore, g(z) — oo when ||z|| — oco. Thus, for all @ € R, the corresponding level set {x|g(x) < a}
is compact. ]

We now describe the regularized version of CPAL1 for a three-way tensor. Let X € RI1x/2x1s,
Let A € Rf, and A € RIv*E B e REXE and C € RB*E have columns with unit Euclidean norm.
Fix €, p > 0. We wish to minimize the Tychonoff penalized loss

Leu(A,B,C,A) = L(A,B,C, \) + %HMF (11)

where

LT I I3 R 2
L.(A,B,C,\) = Z Z Z <$z’1i2i3 — Z Arailrbigrci;ﬂ') T+ €.

i1=1142=1143=1 r=1

Consider the following alternating algorithm. Generate iterates using the GS method. The first
block minimization consists of fixing B and C and searching for A that minimizes

1 Ix13 1
\/ 5 +€+§Hé[i]”% ;

111

where Z = X(;) and Q = C ©® B. As in the unregularized version, this problem is separable in the

rows of A. For each i we use an MM algorithm to update the estimate for the ith row with the
following majorization
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h(ala) = SPIENIS L) il 1Ol GHCYINT, 12
J

where 7;(&) = zj — q&é. After obtaining A, and consequently A and A, we update the other
factors analogously in cyclic order until convergence. We now prove the global convergence of a
Tychonoff regularized version of CPALI for a three-way tensor. The proof for higher order tensors
is essentially the same. The proof does not depend on the algorithm used to solve the subproblems
provided the subproblems are solved to optimality.

Proposition 7.4 Perform the GS method with (11) as the objective function updating one factor
matriz at a time holding the other two fixed. Then the limit points of the sequence of factorizations
are stationary points of (11). Moreover, every sequence has at least one limit point.

Proof.

Note that L., can be viewed as a function of the rows of A, B, and C and consequently we
seek to apply Proposition 7.1. Since L., is a continuously differentiable function, we just need to
show the block minimization problem has a unique solution. Fixing B and C and we search for A

that minimizes
11 I
\/ZU qg; ]a[z]> +et+ o Ha[z 13-

lel

We focus on calculating the update for A[i], the ith row of A. For readability we suppress the sub-
scripts denoting the row index. Let g(a) = f(a) + 1p/|a[* where f(a 1213 \/ zj — 2 +te

Thus, it suffices to show that g has a unique global minimum.

First, note that f is convex. The gradient of f is given by

I>13

VZf(a) = Sar
/(@) ; (5 —alar +e SR
I3 372
= GZ (Z] — QF}Q) + 6} q[]]q[ ]
j=1
=eQ'WQ,

~3/2
where W is diagonal and w;; = [(zj — q[Tj]él)2 + e} . Therefore, V2f(4) is positive-semidefinite
for all & € RP, and consequently f is convex. By Proposition 7.3 g is coercive and strictly convex
and therefore has a unique global minimum.
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Algorithm 3 CP using alternating regularized 1-norm minimization (CPAL1I)

1: initialize A™ € RIn*R for n =1,..., N.
2: repeat
33 forn=1,...,N do
4: repeat
5. Q <A<N> O o AP o A ...@Am)*
6: Z +— X(n)
7 fori=1,...,1; do
8: forjzl,...,Hk#Ikdo
1

2 -3
9: Wj <— |:<Zz] — qg}ag]l)) + €:|
10: end for
11: W + diag(w)
12: :j;]” — (QTWQ + uI)'QTWz,
13: end for
14: until fit for A" ceases to improve or maximum iterations exhausted
15: normalize columns of A (storing norms as )

16:  end for
17: until fit ceases to improve or maximum iterations exhausted
18: return )\,A(l),A(Q), .. .,A(N)

By Proposition 7.1 the limit points of the sequence of iterates generated by the Tychonoff
regularized CPALL algorithm are stationary points. Furthermore, every sequence has at least one
limit point since L. , is coercive. This is true because L. is bounded below and the sum of a coercive
function and a continuous function that is bounded below is coercive. g

Finally we use Proposition 7.2 to show that the subproblem can be solved to optimality with an
MM algorithm using the majorization (12). Note that g is continuously differentiable. Since 7;(a)?
is convex in &, by Proposition 7.3, h(a|a) is a strictly convex function of & with a fixed. Lastly note
that h(ala) is twice differentiable with respect to (a,a). To see this, recall that if two functions are
twice continuously differentiable, their product, ratio, and sum are twice continuously differentiable.
If¢: R — R and ¢ : R® — R are twice continuously differentiable then the composition ¥ o ¢ is
twice continuously differentiable.

With regularization the update for the i*" row at iteration m + 1 is only slightly different
from the original update rule. Algorithm 3 outlines the pseudocode for the regularized CPAL1
decomposition with R components for the Nth order tensor X of size I1 x I X --- x Iy. Note that
Algorithm 3 differs from Algorithm 2 only in the row estimate in line 14

a7 = QW Q + 1) QW Mgy,

For the rest of the paper, CPAL1 will refer to the regularized version outlined in Algorithm 3.
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8 Simulations

We compare CPALI (from Algorithm 2) with CPALS (as implemented in the Tensor Toolbox [2]) on
two sets of simulated data. The purpose of the first set is to demonstrate the qualitative differences
in solutions between CPAL1 and CPALS. The purpose of the second set is to quantitatively assess
those differences.

8.1 Qualitative Comparisons between CPALS and CPAL1

We construct a 3-way tensor X with dimensions 25 x 25 x 25 and rank two as follows. Let ¢ :
R™ — R™ denote the mapping ¢(a) = (¢1(a1),...,¢n(an)) where ¢; is the standard univariate
Gaussian PDF for all i. We choose o1 = 0.75,09 = 0.5,03 = 0.25,04 = 0.1. Define w € R?® with
wi = —14 (i —1)/12. Then we set

1 w
v 2(2)
01 01
11 w—1 11 w+1
ay == +o—0 ,
209 o9 209 02
1
by = —¢ <“’> _and
01 01
11 w-—1 11 w 11 w+1
by=-—0¢ +-——0— | +-——0¢ .
4 03 o3 204 \ 04 403 03
For ¢ = 1,...,25 the elements of C are set to be ¢1; = (1 —1)/24 and ¢cp; =1 — (i — 1)/24. The
columns of A and B are the values of mixtures of scaled and shifted Gaussian PDFs evaluated
over 25 evenly spaced points between —1 and 1. We set X = [A,B,C]. The first frontal slice

is X1 = aj o by; the last frontal slice is X95 = ag o bo; and all other frontal slices are convex
combinations of X7 and Xos.

We performed a rank two factorization using the two different algorithms. For all CPAL1
computations we used set ¢ = 107! and p = 1078, Let the fit of the model, [A, B, C], to X be
defined as

_IX-[AB.Clly

1
12X

Both algorithms were run until the absolute value of the difference between a current fit and the
last fit fell below 1075,

Figure la shows the frontal slices of X. Figure 1b shows the true factors for each mode in the
left column; the factors for each mode estimated by CPALS in the second column; and factors for
each mode estimated by CPAL1 in the third column. The fitted values of aj, by, c; are in red;
fitted values of as, by, co are in blue. The color coding is the same for all plots in the qualitative
comparisons between CPALS and CPALL.

We then added Gaussian noise to every element in the tensor X. Let N denote a tensor of the
same size as X where n;j;, ~ N(0,1) and let n = 0.2. We created a noisy version of X, X as follows:
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a) Visualization of the tensor X: Twenty five frontal slices size 25 x 25
Intensity of pixel ijk is log(1 + zijx)). True rank is 2.

1

(
(

True factors: Mode 1 CP ALS factors: Mode 1 CP AL1 factors: Mode 1
1 1 1
w w w
5 0.5 5 0.5 5 0.5
o o o
C o =<° =<0 < <]
0 0 . 0 :
5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
True factors: Mode 2 CP ALS factors: Mode 2 CP AL1 factors: Mode 2
1 1
(2] w (2}
5 0.5 5 0.5 5 0.5
o o o
o o o
0 0 0
5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
True factors: Mode 3 CP ALS factors: Mode 3 CP AL1 factors: Mode 3
1 1 1
(2] w (2]
% 0.5 % 0.5 : % 05 :
o o o
° [TT—° [T [T
0 0 - 0 .
5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
Variables Variables Variables

(b) Rank two CP factorizations by CPALS and CPAL1 agree with each
other and the true generative factorization.

Figure 1: Comparison on noise-free data
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Figure 2a and Figure 2b show the frontal slices X and resulting rank two factorizations by CPALS
and AL1. Both factorizations recover the generative model.

We then added artifact noise to X consisting of a single 5 x 5 square to each frontal slice
(Figure 3a). For k =1,...,25 we make two independent uniformly random draws Uy and V}, from
the set {3,4,...,22,23}. We created an artifact noise contaminated tensor X’ from X as follows:

o 075 ie{Up—2,...,Ux+2}and j € {Vx —2,...,V; +2}
ik x5, otherwise
Note that the largest value of X is 0.7961. So, the intensity of the artifact noise is within the

range of the true signal. Figure 3b shows the resulting factorizations. We see that the CPALS
factorization gives less accurate answers, while the CPAL1 factorization is unaffected.

We then considered a combination of the dense Gaussian errors and sparse non-Gaussian per-
. =/
turbations. We constructed X as follows,

X
INI 7

X' =X +n N.

We constructed two more noisy tensors, X" and X" in a similar manner. The resulting frontal
slices are shown in Figures 4a, 5a, and 6a. The resulting factorizations are shown in Figures 4b, 5b,
and 6b. Again we see that both computations handle the presence of dense Gaussian noise about
equally well but that CPALS struggles with the sparse non-Gaussian perturbations in the tensor
while CPAL1 does not.

We then considered more subtle artifact noise. We add to each slice pyramids of random size
and location. Let g be the real valued function,

g9(z,y,s,h) = max(smin{x, y} + h,0).

Let N; denote the number of outlying pyramids on the ith slice. For the ith slice and n;th pyramid
on it, we generate random variables that specify the height, H ,, and H, ., slope, S; », and Sy p,,
and location, Uy, and Uy y,, of a pyramid.
Hy,, Hy o, © U0.2,1]
Semis Sy~ U[0.2,0.6]
Usnis Uy,  UNIFORM{1,2,...,23,24,25},
where UNIFORM{1, 2,...,23,24,25} denotes the discrete distribution where the integers between

1 and 25 are drawn with equal probability. We constructed a sparse pyramid noise tensor P as
follows:

pijk = max {Q(Sa:,niaj - Ux,n“j + Uw,nia Hac,ni) X g(Sy,n“ k— Uy,niy k + Uy,niy Hy,ni)}'

n;=1,...,N;
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(a) Visualization of the tensor X: Twenty five frontal slices size 25 x 25
with Gaussian noise (Intensity of pixel ijk is log(1 + zijk)).
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(b) Rank two CP factorizations of X by CPALS and CPALI agree with
each other and the true generative factorization.

Figure 2: Comparison on data with Gaussian noise
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(a) Visualization of the tensor X': Twenty five frontal slices size 25 x 25 with
artifact noise (5x5 block) in each slice (Intensity of pixel ijk is log(14+zsjk)).-
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(b) The rank two CPALS factorization displays sensitivity to non-Gaussian
perturbations. The rank two CPAL1 factorization still agrees with the true
factorization.

Figure 3: Comparison on data with artifact noise
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(a) Visualization of the tensor X': combined artifact and Gaussian noise in
each slice (Intensity of pixel ijk is log(1 + zijk)).
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(b) The rank two CPALS factorization displays sensitivity to sparse non-
Gaussian perturbations and dense additive Gaussian noise. The rank two
CPALLI factorization still agrees with the true factorization.

Figure 4: Comparison on data with artifact (1 block per slice) and Gaussian noise

36



0.5

0.4

r 103

F 0.2

I0
0

(a) Visualization of the tensor X": combined artifact and Gaussian noise in
each slice (Intensity of pixel ijk is log(1 + zijk)).
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(b) The rank two CPALS factorization continues to diverge from the true
factorization as more non-Gaussian perturbations add added and Gaussian
noise is also added to all entries. The two CPAL1 factorization still agrees
with the true factorization.

Figure 5: Comparison on ata with artifact (2 blocks per slice) and Gaussian noise
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(a) Visualization of the tensor X"": combined artifact and Gaussian noise

in each slice (Intensity of pixel ijk is log(1 + zijk)).
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(b) The rank two CPALS factorization disagrees quite a bit from the true
factorization as even more non-Gaussian perturbations add added. The
rank two CPAL1 factorization still agrees with the true factorization.

Figure 6: Comparison on data with artifact (3 blocks per slice) and Gaussian noise
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The sparse perturbations were superposed onto the data tensor X by taking element-wise maxima
to generate the tensor X':

xlz‘jk = maX{pijka $ijk}~

Gaussian noise was then added as before, with n = 0.2:

The resulting frontal slices are shown in Figure 7a. The resulting factorizations are shown in
Figure 7b. We see that CPAL1 produces a rank two factorization in better agreement with the
true generative model. The differences with the rank two CPALS factorization, however, are less
pronounced. In these examples, the story is that the greatest differences between CPALS and
CPAL1 occur when the outlier signal is sparsely distributed over the tensor and the magnitude of
outlying entries is very large compared to the underlying signal.

8.2 Quantitative Comparisons between CPALS and CPAL1

c R50%50x50

We create 3-way tensors X’ of rank-5 as follows.

X0, o 1Kl

X' =X+~
1P 19]lF

Q

for n =0.1,0.2 and v = 0.5,1.0,1.5 and 2.0. For all combinations of  and 7 the scaled values of
gijk were less than the largest value of X.

We first generated random factor matrices A, B, C € R?**5 where the matrix elements were the
absolute values of i.i.d. draws from a standard Gaussian. The ijk'" entry of the noise free tensor X
was then set to be Zf;l @i, rbiyrCisr. Then to each X we added dense Gaussian noise and artifact
outliers. All random variables we describe were independently drawn. We generated an artifact
tensor P as follows. A fraction n of the tensor entries was selected randomly. We then assigned
to each of the selected entries a value drawn from a Gamma distribution with shape parameter 50
and scale parameter 1/50. All other entries were set to 0. For the dense Gaussian noise tensor Q,
the entries g;j; were i.i.d. draws from a standard Gaussian. The tensor X' was obtained by adding
the noise and artifact tensors to X.

For every pair (n,~) we performed 100 rank-5 factorizations under the two methods. For CPAL1
computations we set € = 1071° and p = 1078, Initial points for all tests were generated using the
n-mode singular vectors of the tensor (i.e., the nvecs command in the Tensor Toolbox). To assess
the goodness of a computed factorization we calculated the factor match score (FMS) between the
estimated and true factors [1]. The FMS ranges between 0 and 1; an FMS of 1 corresponds to a
perfect recovery of the original factors.

Figure 8a shows boxplots of the FMS under both methods. The scores for CPALS decreased as
the contribution of non-Gaussian noise increased. In contrast regardless of the noise distributions
applied CPAL1 tended to recover the true factorization with the exception of occasionally finding
local minima,
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(a) Fifty pyramids with randomly assigned height, location, and base are
placed in each frontal slice of X and Gaussian noise superposed afterward
(Intensity of pixel ijk is log(1l + xsjk)).
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(b) The rank two CPALS factorization is less sensitive to the presence of
the pyramid outliers. The rank two CPAL1 factorization has slightly better
aggreement with the true factorization.

Figure 7: Comparison on data with random-shaped artifacts and Gaussian noise
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(a) The FMS distribution under different combinations of Gaussian noise intensity (n) and
artifact noise intensity (7). CPALS factorizations are more sensitive to artifact noise than
CPALL factorizations.
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(b) A comparison of a single recovered factor for a replicate when n = 0.2 and v = 2. Here the
FMS was 0.91 and 0.64 for CPAL1 and CPALS respectively. Factor columns were normalized
for comparison.

Figure 8: Quantitative comparisons

Figure 8b compares an example factor (one column of a factor matrix) when n = 0.2 and v = 2
for the two methods. We can see that CPAL1 is a much closer match to the true underlying factor.
Specifically, the FMS was 0.91 and 0.64 for CPAL1 and CPALS, respectively. The median CPALS
FMS was 0.7, so this is typical.
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9 Extensions to the Poisson Likelihood

The CP factorization can be extended to handle binary and nonnegative tensor entries through the
machinery of generalized linear models just as Principal Components Analysis has been extended
for matrices of binary and nonnegative matrices [7, 21, 18, 19]. Here, we consider nonnegative
factorization formulated as a Poisson likelihood maximization problem. We see again that if the
variation in the data violates the assumptions on the statistical model of the variation, the resulting
factorizations can be suboptimal. We show that using the 1-norm loss in the case of nonnegative
factorization is inadequate, motivating the need for different robust alternatives.

9.1 The Poisson Likelihood and Nonnegative Tensor Factorizations

When tensors consist of nonnegative integers or counts, a Gaussian likelihood model for the ran-
domness is a poor description for the observed data. Recall that for an order N tensor X the
best rank R CP decomposition [A; A(l), A(2), . ,A(N)]] of X with respect to the Frobenius norm
corresponds to the MLE of (X; AD AQ 7A(N)) where x;,  ;, are independently distributed
and

Ligyei NN (Z)‘ a’zl'r 127’ 511\\;]7)’71>

This model is inappropriate for count data in two ways; under this model z;, . ;, can take
on negative values and/or non-integer values. To put it another way, if one were interested in
simulating multi-way data from the MLE of (X; A(l), A(z), . 7A(N)) the generated samples would
be on the wrong scale; they would need to be transformed to create count data.

A more elegant alternative is to directly model the discrete nonnegative nature of the tensor
elements with a discrete distribution such as the Poisson distribution. In fact, the popular method
of minimizing the generalized Kullback-Leibler divergence introduced by Lee and Seung [18, 19] is
equivalent to maximum likelihood estimation under the assumption that x;, _;, are independently
distributed and

Ziy...ix ~ POISSON (ZA alal?). -anVVQ), (13)

r=1

and A\, A(l), ey AW are all constrained to be nonnegative. To see, this note that the log-likelihood

log H

115N

- Z {le, SIN log <Z/\ a'Llr 5221)" ’ 1Nr> Z)\ agllf)' Ajop " 'LNT} Z 10g Lig,.i ')

115N r=1 015 IN

Liy,oin

2 N 0] 5e--) L
(57 Aaa2 ol (N)>

)wzl N
; exp( Z)\ allr w.. ay)
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equals the generalized Kullback-Leibler divergence up to a scalar shift. Note that (13) is the
generalization of the log-likelihood that is shown to be maximized in NNMF in Example 4.4.

An advantage of Lee and Seung’s factorization is that it tends to produce a “parts-based”
representation of the data. We can understand why this is so from the model (13). Recall that the
sum of independent Poisson random variables is also Poisson.

Proposition 9.1 Let X; ~ POISSON()\;), for i = 1,...,N, be independent random variables.

Then
N N
Z X; ~ POISSON (Z /\i> .

i=1 =1

Proof. We show the claim is true for N = 2. The general case follows from an induction argument.

r=0
N AT X,
— (k—r)! r!
exp M R
k! o (k—r)lpt7t 72
_ (A ) expm i)
k!

The first equality follows from the law of total probability. The second equality follows from
the independence of X7 and Xs. The last equality follows from the binomial theorem. O

Model (13) is equivalent to the following superposition model: X = XD 4+ x@ 4.4 xR
and the l’g)

i are independent Poisson random variables:
IR

2~ POISSON (A HOMON --a(N)>.
N

B yeenyl T r Vigr INT

So, model (13) expresses X as the sum of nonnegative tensors X" where

x) ~ POISSON (2, a?,...,afM])

The next subsections review algorithms for computing the NNMF decomposition under the gen-
eralized Kullback-Leibler divergence. The algorithm for matrix and tensor factorizations amount to
solving alternating Poisson regression problems with an MM algorithm. The algorithm is identical
to the Lee and Seung algorithm and its tensor extension [26] except that for each subproblem it
iterates until convergence, whereas the Lee and Seung algorithm and its tensor extension complete
just a single iteration for each subproblem. We first review how to do Poisson regression.
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9.2 Poisson Regression

Let Y; be independent Poisson(xF;}b) fori=1,...,N and X € RfXP and b € ]Ri. Let y; denote
the observed value of Y;. The negative log-likelihood is

Yi
—log ¢(b log IJ_V[ <Xi ) eXP( F—]b> i < b — y; log (x[]b) + log(y;! )) .
i=1 Z i=1

Take the loss function L(b) to be

N

_ . T
b) =Y i (xfjb).

i=1
where f;(t) =t — y;log(t). Since log is concave and y; € Z,., f; is convex, L(b) is convex.
Proposition 9.2 The following function majorizes fi(x[Ti]b) at b:

gi(b|b) = Z%fz ( )

where a;j = xijl;j/xg}f)
Proof. It is immediate that gz(b|b) ( X ) We next need to verify the inequality. Since b has

positive elements and x; has positive elements for all i, we have that a;; € [0, 1] and Z _ 05 = 1.
We then make the inspired observation that the inner product XF;]b can be expressed in terms of

the Oliji
P - <Th P T
i b xinb
z]b wa Z( ) < l[;i )bj = Zazj ( 2 )bj.

Jj=1

To complete the proof use the convexity of fi to get

P Tb -

O

Note that L(b) is majorized at b by 37, g;(b|b). To find the MLE of b, we minimize 3, g;(b|b).
Let us calculate the derivative with respect to b;:

7 l;
b, Zgl blb) = Z i f; ( P ) Zx”( - ibx{rb>'

i=1 [7]
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By setting the derivatives equal to zero we obtain a multiplicative relationship between b; and l;j:

=1
N by

' i
Z%—Z( )

Note that when y; is close to X[T]B for all 4, b is very close to b. Recall that if Yi ~ P01sson< [T]l~3>,

then the expected value of y; is x;; Tb. So when y; is close to x?-}b for all 4, the parameter b explains

the data well and the updates should be expected to be minor.

9.3 Poisson PCA using the Non-canonical link

We next show how our NNMF algorithm is equivalent to alternating Poisson regression and can be
solved using calls the algorithm described in Section 9.2. Let Y;; be independent Poisson(a[Tﬂbm)

fori=1,...,Mand j =1,...,N and A € RY*¥ and B € RY*®. The negative log-likelihood is
given by

[]bb] )Y exp(a []b[j])
yzg

M N
—logl(A,B) = —log HH

i=17=1

Mz

-y

=17

(a by — vijlog(afby) + 10g(yz'j!)> :
1

Take the loss function L(A,B) to be

Zme( Ty
=1 j=1
where

fij(t) =t — y;; log(t).

We alternate minimizing A and B with the other fixed using the Poisson regression algorithm
described in Section 9.2. First fix B and minimize L(A,B) with respect to A. Note that L(A,B)
is separable in aj;. Consequently if we find the aj; that minimizes

N
Z fij (a?z—}bm) (14)
j=1
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Algorithm 4 Poisson PCA for Nonnegative Matrix Factorization (CPAPR)
1: repeat
2: repeat

3: fori=1,....M,and k=1,...,R do
: ) , N (% )y, N
R (S S YT |
5: end for
6: until A converges
7:  repeat
8: for j=1,...,N,and k=1,...,R do
M Yij M
9: b]k — b]k [{Zi:l (W) aik} / (Zi:l Ak + E>:| .

10: end for

11:  until B converges
12: until (A, B) converges
13: return A and B

for every i, then we have found the A that minimizes L(A,B). Since minimizing (14) is a Poisson
regression problem, we can use the MM algorithm introduced in Section 9.2 to obtain the following
update rule for a;

N Ny N
ik < Qik Z ( i ) bk / ijlc
j=1

K
o1 \ Py

By symmetry, minimizing L(A,B) with respect to B with A fixed, gives the update rule for by

M Yii M
bjk — bjk [{Z < Tzlj) > aik} /Zalk] .
i=1 \ 2Pl i=1

Minimizing L(A,B) with respect to A with B fixed amounts to performing N independent Poisson
regressions. Similarly, minimizing L(A, B) with respect to B with A fixed amounts to performing
M independent Poisson regressions. We alternate updating A and B until convergence. Algo-
rithm 4 outlines pseudocode for the described algorithm for computing the decomposition with R
components for the two-way tensor tensor X of size M x N. Note that to prevent potential division
by zero, we add a small positive value € to all denominators. This is a heuristic, however, and the

updates no longer correspond to an MM algorithm.

Algorithm 4 can be generalized to handle factorizations of tensors of arbitrary number of modes.
Since the basic step in Algorithm 4 is Poisson Regression, we refer to the generalization to tensors
of arbitrary number of modes as CP Alternative Poisson Regression (CPAPR).

The effect of inliers

We consider the effect on CPAPR when some of the observations grossly violate the Poisson dis-
tribution assumptions. To establish a baseline comparison between the three methods we compare
their resulting factorizations on data that is generated according to the assumed Poisson likeli-
hood model. Specifically we generated a matrix Y € NI61X161 a5 follows. Define w € R'6! with
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w; = —4 4 (i — 1)/20. Then we set

¢(w)/ | p(w) ],
¢(w—1)/[[dp(w-1)],
(
(

$(w)/ || p(w) ||, and
Pw+1)/[[¢lw+1)].

aj
az
by
bo

Then we drew Yj; independently as

Yz‘j ~ POISSON(QOOCLﬂ o bj1 + 50a;9 0 bjg).

Figure 9a, Figure 9c, and Figure 9e show the factorization of a rank 2 nonnegative matrix
by CPAPR, CPALIL, and CPALS respectively. Only CPAPR comes close to recovering the true
underlying factors. Both CPAL1 and CPALS return factors that have negative elements. Moreover,
CPAL1 tends to assign more zeros to factor matrix elements when the data is sparse than CPAPR
and CPALS.

We next considered the effects of extreme inliers. An inlier is a data value within the nominal
range but incorrectly specified. In the following example we set a randomly selected half of the
values that are above 25 to 0. In this particular example, the observed data values ranged from 0
to 49. Figure 9b, Figure 9d, and Figure 9f show the factorization of a rank 2 nonnegative matrix
by CPAPR, CPALI1, and CPALS respectively. The presence of inliers only exacerbates the poor
performance of CPALS and CPAL1, but CPAPR is also adversely affected by the inliers. The inlier
experiment suggests the need for a robust version of CPAPR. On the other hand, both experiments
indicate that CPAL1 is not the solution.

One approach to making a robust version of CPAPR is to replace the loss function with a
member of the family of density power divergence associated with the Poisson distribution [3].
Members of this family of divergence measures are indexed by a parameter that explicitly trades
off statistical efficiency for robustness. Maximum likelihood estimation corresponds to minimum
Kullback-Leibler divergence. The Kullback-Leibler divergence in turn is the member of the family
with greatest efficiency and least robustness. Estimates using another member of the family in
contrast would be less efficient but would have greater robustness against non-Poisson variation.
The same strategy could be applied for other assumptions on the statistical behavior of the variation
(e.g., binary data).
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Figure 9: Example Poisson data (with and without inliers)
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10 Conclusion

We derived a robust tensor factorization algorithm, CPAL1, based on an approximate 1-norm loss.
We have shown that a Tychonoff regularized version of CPAL1 generates iterates whose limit points
are stationary points of the the regularized approximate 1-norm loss.

Our simulations demonstrated that there are scenarios in which CPAL1 outperforms CPALS
in the presence of artifact noise. Simulation studies also showed that not all non-Gaussian pertur-
bations cause noticeable degradation in the CPALS factorization. Conversely, there are situations
when CPAL1 struggles as much as CPALS in the presence of artifact noise, e.g. when the data
tensor is sparse as well as seen in the example of nonnegative factorization of sparse count data.
We conjecture that CPAL1 is most suited to handle artifact noise when the data tensor is dense.
Finding an alternative to the 1-norm loss for sparse data with non-Gaussian noise is a direction for
future research.

We also briefly reviewed nonnegative tensor factorization and derived a CP factorization based
on maximizing a Poisson likelihood with an alternating MM algorithm, CPAPR. In simulation
experiments, CPAPR was shown to be sensitive to the presence of inliers. But CPAL1 was shown to
perform poorly in the context of nonnegative tensor factorizations with or without inliers. Finding
a robust alternative loss for count tensor data is yet another direction for future research.

In summary CPALL1 is an algorithmically well-behaved and simple-to-implement method to
perform CP factorization when the data may include variations that violate the standard Gaussian
assumption. Cases where CPAL1 succeeds over CPALS and even when CPALI fails to correctly
recover generative factor models represent good first steps in improving the state of the art in tensor
factorizations.
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