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Abstract Latent or unobserved phenomena pose a significant difficulty in data anal-
ysis as they induce complicated and confounding dependencies among a collection
of observed variables. Factor analysis is a prominent multivariate statistical modeling
approach that addresses this challenge by identifying the effects of (a small number of)
latent variables on a set of observed variables. However, the latent variables in a factor
model are purely mathematical objects that are derived from the observed phenomena,
and they do not have any interpretation associated to them. A natural approach for
attributing semantic information to the latent variables in a factor model is to obtain
measurements of some additional plausibly useful covariates that may be related to
the original set of observed variables, and to associate these auxiliary covariates to
the latent variables. In this paper, we describe a systematic approach for identifying
such associations. Our method is based on solving computationally tractable convex
optimization problems, and it can be viewed as a generalization of the minimum-trace
factor analysis procedure for fitting factor models via convex optimization. We ana-
lyze the theoretical consistency of our approach in a high-dimensional setting as well
as its utility in practice via experimental demonstrations with real data.
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1 Introduction

A central goal in data analysis is to identify concisely described models that char-
acterize the statistical dependencies among a collection of variables. Such concisely
parametrized models avoid problems associated with overfitting, and they are often
useful in providing meaningful interpretations of the relationships inherent in the
underlying variables. Latent or unobserved phenomena complicate the task of deter-
mining concisely parametrized models as they induce confounding dependencies
among the observed variables that are not easily or succinctly described. Conse-
quently, significant efforts over many decades have been directed towards the problem
of accounting for the effects of latent phenomena in statistical modeling. A common
shortcoming of approaches to latent-variable modeling is that the latent variables are
typically mathematical constructs that are derived from the originally observed data,
and these variables do not directly have semantic information linked to them. Discov-
ering interpretable meaning underlying latent variables would clearly impact a range
of contemporary problem domains throughout science and technology. For example,
in data-driven approaches to scientific discovery, the association of semantics to latent
variables would lead to the identification of new phenomena that are relevant to a
scientific process, or would guide data-gathering exercises by providing choices of
variables for which to obtain new measurements.

In this paper, we focus for the sake of concreteness on the challenge of interpreting
the latent variables in a factor model [21]. Factor analysis is perhaps the most widely
used latent-variable modeling technique in practice. The objective with this method is
to fit observations of a collection of random variables y € R?” to the following linear
model:

y = B¢ +e, (1)

where B € RP*K |k « p. Therandom vectors ¢ € Rk, € € R? are independent of each
other, and they are normally distributed as' ¢ ~ A/ (0, X:), e ~N(, X¢), with Xy >
0, X¢ > O0and X, being diagonal. Here the random vector ¢ represents a small number
of unobserved, latent variables that impact all the observed variables y, and the matrix
B specifies the effect that the latent variables have on the observed variables. However,
the latent variables ¢ themselves do not have any interpretable meaning, and they are
essentially a mathematical abstraction employed to fit a concisely parameterized model
to the conditional distribution of y|¢ (which represents the remaining uncertainty in y
after accounting for the effects of the latent variables ¢ )—this conditional distribution

! The mean vector does not play a significant role in our development, and therefore we consider zero-mean
random variables throughout this paper.
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is succinctly described as it is specified by a model consisting of independent variables
(as the covariance of the Gaussian random vector € is diagonal).

A natural approach to attributing semantic information to the latent variables ¢ in a
factor model is to obtain measurements of some additional plausibly useful covariates
x € R? (the choice of these variables is domain-specific), and to link these to the
variables ¢. However, defining and specifying such a link in a precise manner is
challenging. Indeed, a fundamental difficulty that arises in establishing this association
is that the variables ¢ in the factor model (1) are not identifiable. In particular, for
any non-singular matrix YW € R¥** we have that B¢ = (BW~)(W¢). In this
paper, we describe a systematic and computationally tractable methodology based
on convex optimization that integrates factor analysis and the task of interpreting
the latent variables. Our convex relaxation approach generalizes the minimum-trace
factor analysis technique, which has received much attention in the mathematical
programming community over the years [11,17-20].

1.1 A composite factor model

We begin by making the observation that the column space of B—which specifies
the k-dimensional component of y that is influenced by the latent variables {—is
invariant under transformations of the form B — BW~™! for non-singular matrices
W e RF*k_ Consequently, we approach the problem of associating the covariates
x to the latent variables ¢ by linking the effects of x on y to the column space of
B. Conceptually, we seek a decomposition of the column space of B into transverse
subspaces 9y, H, C R”, $H, N $H, = {0} so that column-space(B) ~ H, D H,—
the subspace §), specifies those components of y that are influenced by the latent
variables ¢ and are also affected by the covariates x, and the subspace ), represents
any unobserved residual effects on y due to ¢ that are not captured by x. To identify
such a decomposition of the column space of 3, our objective is to split the term B¢
in the factor model (1) as

B¢ ~ Ax + Bulu, 2

where the column space of 4 € RP*? is the subspace 9, and the column
space of B, € RP*IM®u) 5 the subspace $),, i.e., dim(column-space(A))
+ dim(column-space(3,)) = dim(column-space(3)) and column-space(A) N
column-space(3,) = {0}. Since the number of latent variables ¢ in the factor model (1)
is typically much smaller than p, the dimension of the column space of A is also much
smaller than p; as a result, if the dimension ¢ of the additional covariates x is large, the
matrix 4 has small rank. Hence, the matrix A plays two important roles: its column
space (in R”) identifies those components of the subspace B that are influenced by the
covariates x, and its rowspace (in R?) specifies those components of (a potentially large
number of) the covariates x that influence y. Thus, the projection of the covariates x
onto the rowspace of A represents the interpretable component of the latent variables
¢. The term B, ¢, in (2) represents, in some sense, the effects of those phenomena that
continue to remain unobserved despite the incorporation of the covariates x.

Motivated by this discussion, we fit observations of (y,x) € R? x R? to the
following composite factor model that incorporates the effects of the covariates x as
well as of additional unobserved latent phenomena on y:
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132 A. Taeb, V. Chandrasekaran

y=A~x+Bu§u+g 3)

where A € RP*9 with rank(A) <« min{p, ¢}, B, € RP*% with k, < p, and the
variables ¢,, € are independent of each other (and of x) and normally distributed as
G ~ N, Zp,), € ~ N(0, Z¢), with T, > 0, Zz > 0 and X¢ being a diagonal
matrix. The matrix .4 may also be viewed as the map specifying the best linear estimate
of y based on x. In other words, the goal is to identify a low-rank matrix A such that the
conditional distribution of y|x (and equivalently of y|.Ax) is specified by a standard
factor model of the form (1).

1.2 Composite factor modeling via convex optimization

Next we describe techniques to fit observations of y € R” to the model (3). This method
is a key subroutine in our algorithmic approach for associating semantics to the latent
variables in a factor model (see Sect. 1.3 for a high-level discussion of our approach
and Sect. 3 for a more detailed experimental demonstration). Fitting observations of
(y,x) € R? x R? to the composite factor model (3) is accomplished by identifying a
Gaussian model over (y, x) with the covariance matrix of the model satisfying certain
algebraic properties. For background on multivariate Gaussian statistical models, we
refer the reader to [10].

Examining the factor model in (1), the covariance matrix of y is decomposable as
the sum of a low-rank matrix BX; B" (corresponding to the k < p latent variables
¢) and a diagonal matrix X.. Based on this algebraic structure, a natural approach to
factor modeling is to find the smallest rank (positive semidefinite) matrix such that
the difference between this matrix and the empirical covariance of the observations of
y is close to being a diagonal matrix (according to some measure of closeness, such
as in the Frobenius norm). This problem is computationally intractable to solve in
general due to the rank minimization objective [14]. As a result, a common heuristic
is to replace the matrix rank by the trace functional, which results in the minimum
trace factor analysis problem [11,18-20]; this problem is convex and it can be solved
efficiently. The use of the trace of a positive semidefinite matrix as a surrogate for
the matrix rank goes back many decades, and this topic has received much renewed
interest over the past several years [3,8,13,16].

In attempting to generalize the minimum-trace factor analysis approach to the
composite factor model, one encounters a difficulty that arises due to the parametriza-
tion of the underlying Gaussian model in terms of covariance matrices. Specifically,
with the additional covariates x € R? in the composite model (3), our objective
is to identify a Gaussian model over (y,x) € RP x R? with the joint covariance
X = <§f Eg,i) € SP*4 satisfying certain structural properties. One of these prop-

) X
erties is tﬁat the conditional distribution of y|x is specified by a factor model, which
implies that the conditional covariance of y|x must be decomposable as the sum of a
low-rank matrix and a diagonal matrix. However, this conditional covariance is given
by the Schur complement X'y — X'y X'~ ) ; »and specifying a constraint on the condi-
tional covariance matrix in terms of the joint covariance matrix X' presents an obstacle
to obtaining computationally tractable optimization formulations.
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A more convenient approach to parameterizing conditional distributions in Gaus-
sian models is to consider models specified in terms of inverse covariance matrices,
which are also called precision matrices. Specifically, the algebraic properties that we
desire in the joint covariance matrix X' of (y, x) in a composite factor model can also

be stated in terms of the joint precision matrix @ = X! via conditions on the subma-
trices of ® = (gffgi) First, the precision matrix of the conditional distribution of
y|x is specified b)}/ the submatrix @y; as the covariance matrix of the conditional dis-
tribution of y|x is the sum of a diagonal matrix and a low-rank matrix, the Woodbury
matrix identity? implies that the submatrix ©, is the difference of a diagonal matrix
and a low-rank matrix. Second, the rank of the submatrix ®,, € RP* is equal to
the rank of 4 € R”*? in non-degenerate models (i.e., if X > 0) because the relation
between A and © is given by A = _[@y]—l O, . Based on this algebraic structure
desired in @, we propose the following natural convex relaxation for fitting a collection
of observations D, = {(y, x@)}’_,  RP™ to the composite model (3):

A A

6, Dy,Ly) =arg min —£(O; DY) + Auly 1Oy ll« + trace(L,)]
OeSPt, @0
Dy,LyeSP

s.t.®y =Dy — Ly, Ly, >0, D, is diagonal 4)

The term £(©®; D'}) is the Gaussian log-likelihood function that enforces fidelity to
the data, and it is given as follows (up to some additive and multiplicative terms):

NG NN
(©; D) = logdet(®) — trace | © - 1 3 (zm> (}yc(l.)> . 5)

i=1

This function is concave as a function of the joint precision matrix> @. The matrices
Dy, Ly represent the diagonal and low-rank components of @,. As with the idea
behind minimum-trace factor analysis, the role of the trace norm penalty on L, is
to induce low-rank structure in this matrix. Based on a more recent line of work
originating with the thesis of Fazel [3,8,16], the nuclear norm penalty ||&,, ||, on the
submatrix @y, (which is in general a non-square matrix) is useful for promoting low-
rank structure in that submatrix of ®@. The parameter y provides a tradeoff between
the observed/interpretable and the unobserved parts of the composite factor model (3),
and the parameter A, provides a tradeoff between the fidelity of the model to the data
and the overall complexity of the model (the total number of observed and unobserved
components in the composite model (3)). In summary, for A,, y > 0 the regularized
maximum-likelihood problem (4) is a convex program. From the optimal solution

2 Recall that the woodbury identity states that (A + UCV/)7l L U(C7l +va-l U)71 VAl
for matrices A, U, V, C of appropriate dimensions.

3 An additional virtue of parameterizing our problem in terms of precision matrices rather than in terms of
covariance matrices is that the log-likelihood function in Gaussian models is not concave over the cone of
positive semidefinite matrices when viewed as a function of the covariance matrix.
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(@, ﬁy, L y) of (4), we can obtain estimates for the parameters of the composite
factor model (3) as follows:

A=—16,1716,, ©

N

B, = any squareroot of (ﬁy — I:y)_1 — D! such that B, € RP*rank(Ly)

y

with the covariance of ¢, being the identity matrix of appropriate dimensions and the
covariance of € being ﬁ)— ! The convex program (4) is log-determinant semidefinite
programs that can be solved efficiently using existing numerical solvers such as the
LogDetPPA package [22].

1.3 Algorithmic approach for interpreting latent variables in a factor model

Our discussion has led us to a natural (meta-) procedure for interpreting latent variables
in a factor model. Suppose that we are given a factor model underlying y € RP.
The analyst proceeds by obtaining simultaneous measurements of the variables y as
well as some additional covariates x € R of plausibly relevant phenomena. Based
on these joint observations, we identify a suitable composite factor model (3) via
the convex program (4). In particular, we sweep over the parameters A,, y in (4) to
identify composite models that achieve a suitable decomposition—in terms of effects
attributable to the additional covariates x and of effects corresponding to remaining
unobserved phenomena—of the effects of the latent variables in the factor model given
as input.

To make this approach more formal, consider a composite factor model (3)
y = Ax + B,¢, + € underlying a pair of random vectors (y, x) € R? x R?, with
rank(A) = ky, B, € RP*k« and column-space(.A) N column-space(B,) = {0}).
As described in Sect. 1.2, the algebraic aspects of the underlying composite factor
model translate to algebraic properties of submatrices of @ € SPT4. In particular,
the submatrix @y, has rank equal to k, and the submatrix ®, is decomposable as
D, — Ly with Dy being diagonal and L, > 0 having rank equal to k. Finally, the
transversality of column-space(A) and column-space(B3,) translates to the fact that
column-space(®y,) N column-space(Ly) = {0} have a transverse intersection. One
can simply check that the factor model underlying the random vector y € R” that
is induced upon marginalization of x is specified by the precision matrix of y given
by Oy = Dy — [Ly + Oy (0;) "' O,y ]. Here, the matrix Ly + Oy, (0,) 'O,y is a
rank k, + k, matrix that captures the effect of latent variables in the factor model.
This effect is decomposed into @, (©)7! ©,y—a rank k, matrix representing the
component of this effect attributed to x, and L y—a matrix of rank k,, representing the
effect attributed to residual latent variables.

These observations motivate the following algorithmic procedure. Suppose we are

given a factor model that specifies the precision matrix of y as the difference D y— L v

where l~)y is diagonal and L y is low rank. Then the composite factor model of (y, x)
with estimates (@, ﬁy, L y) offers an interpretation of the latent variables of the given
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factor model if (i) rank(l: ) = rank(iy + @yx @;1 @xy), (ii) column—space((:)yx) N
column- space(L ) = {0}, and

(iii) max{|| Dy — Dyll2/I1Dyll2. Ly — [Ly + Oy 07 Oy 1a/ILy 12} is small. The
full algorithmic procedure for attributing meaning to latent variables of a factor model
is outlined below:

Algorithm 1 Interpreting Latent Variables in a Factor Model

1: Input: A collection of observations D,}L = {()r<i), x(i))}:?zl C RP? x RY of the variables y and of some
auxiliary covariates x; Factor model with parameters (ﬁy, L ).

2: Composite Factor Modeling: For eachd = 1, ..., g, sweep over parameters (A5, y) in the convex
program (4) (with D,T as input) to identify composite models with estimates (&, Dy, Ly) that sat-

isfy the following three properties: (i) rank((:)yx) =d, (ii) rank(i}-) = rank(iy) + rank(éyx), and
(iii) rank(L y) = rank(L) + rank(6y O ' 6,).
3: Identifying Subspace: For each d = 1,...,¢ and among the candidate composite models (from
the prev10us Step) choose the composne factor model that minimizes the quantity max{HDy -
v||2/HDy”2 ||L\ [L) + ny() Oxv]||2/HLv||2

4: Output: Foreachd = 1, ... ¢, the d-dimensional projection of x into the row-space of @y x represents
the interpretable component of the latent variables in the factor model.

The effectlveness of Algorithm 1is dependent on the size of the quantity max{|| Dy —

D ||2/||Dy||2, ||Ly — Ly — ny()_ley]llz/llLsz The smaller this quantity, the
better the composite factor model fits to the given factor model. Finally, recall from
Sect. 1.1 that the projection of covariates x onto to the row-space of A (from the
composite model (3)) represents the interpretable component of the latent variables
of the factor model. Because of the relation A = [Oy] Oy, this interpretable
component is obtained by projecting the covariates x onto the row-space of &,. This
observation explains the final step of Algorithm 1.

The input to Algorithm 1 is a factor model underlying a collection of variables
y € RP, and the algorithm proceeds to obtain semantic interpretation of the latent
variables of the factor model. However, in many situations, a factor model underlying
y € R? may not be available in advance, and must be learned in a data-driven fashion
based on observations of y € R”. In our experiments (see Sect. 3), we learn a factor
model using a specialization of the convex program (4). It is reasonable to ask whether
one might directly fit to a composite model to the covariates and responses jointly
without reference to the underlying factor model based on the responses. However, in
our experience with applications, it is often the case that observations of the responses
y are much more plentiful than of joint observations of responses y and covariates x. As
an example, consider a setting in which the responses are a collection of financial asset
prices (such as stock return values); observations of these variables are available at a
very fine time-resolution on the order of seconds. On the other hand, some potentially
useful covariates such as GDP, government expenditures, federal debt, and consumer
rate are available at a much coarser scale (usually on the order of months or quarters).
As another example, consider a setting in which the responses are reservoir volumes
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of California; observations of these variables are available at a daily scale. On the
other hand, reasonable covariates that one may wish to associate to the latent variables
underlying California reservoir volumes such as agricultural production, crop yield
rate, average income, and population growth rate are available at a much coarser time
scale (e.g., monthly). In such settings, the analyst can utilize the more abundant set of
observations of the responses y to learn an accurate factor model first. Subsequently,
one can employ our approach to associate semantics to the latent variables in this
factor model based on the potentially limited number of observations of the responses
y and the covariates x.

1.4 Our results

In Sect. 2 we carry out a theoretical analysis to investigate whether the framework
outlined in Algorithm 1 can succeed. We discuss a model problem setup, which serves
as the basis for the main theoretical result in Sect. 2. Suppose we have Gaussian
random vectors (y, x) € R? x R? that are related to each other via a composite factor
model (3). Note that this composite factor model induces a factor model underlying
the variables y € R” upon marginalization of the covariates x. In the subsequent
discussion, we assume that the factor model that is supplied as input to Algorithm 1
is the factor model underlying the responses y.

Now we consider the following question: Given observations jointly of (y, x) € RP*4,
does the convex relaxation (4) (for suitable choices of regularization parameters A, y)
estimate the composite factor model underlying these two random vectors accurately?
An affirmative answer to this question demonstrates the success of Algorithm 1. In
particular, a positive answer to this question implies that we can decompose the effects
of the latent variables in the factor model underlying y using the convex relaxation
(4), as the accurate estimation of the composite model underlying (y, x) implies a
successful decomposition of the effects of the latent variables in the factor model
underlying y. That is, steps 2-3 in the Algorithm are successful. In Sect. 2, we show
that under suitable identifiability conditions on the population model of the joint ran-
dom vector (y, x), the convex program (4) succeeds in solving this question. Our
analysis is carried out in a high-dimensional asymptotic scaling regime in which the
dimensions p, g, the number of observations n, and other model parameters may all
grow simultaneously [2,24].

We give concrete demonstration of Algorithm 1 with experiments on synthetic data
and real-world financial data. For the financial asset problem, we consider as our
variables y the monthly averaged stock prices of 45 companies from the Standard and
Poor index over the period March 1982 to March 2016, and we identify a factor model
(1) over y with 10 latent variables (the approach we use to fit a factor model is described
in Sect. 3). We then obtain observations of ¢ = 13 covariates on quantities related to
oil trade, GDP, government expenditures, etc. (See Sect. 3 for the full list), as these
plausibly influence stock returns. Following the steps outlined in Algorithm 1, we use
the convex program (4) to identify a two-dimensional projection of these 13 covariates
that represent an interpretable component of the 10 latent variables in the factor model,
as well as a remaining set of 8 latent variables that constitute phenomena not observed
via the covariates x. In further analyzing the characteristics of the two-dimensional
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projection, we find that EUR to USD exchange rate and government expenditures are
the most relevant of the 13 covariates considered in our experiment, while mortgage
rate and oil imports are less useful. See Sect. 3 for complete details.

1.5 Related work

Elements of our approach bear some similarity with canonical correlations analy-
sis [9], which is a classical technique for identifying relationships between two sets of
variables. In particular, for a pair of jointly Gaussian random vectors (y, x) € RP*9,
canonical correlations analysis may be used as a technique for identifying the most
relevant component(s) of x that influence y. However, the composite factor model (3)
allows for the effect of further unobserved phenomena not captured via observations of
the covariates x. Consequently, our approach in some sense incorporates elements of
both canonical correlations analysis and factor analysis. Furthermore, a body of work
has considered factor regression models [4] that blend regression analysis and factor
analysis similiar in spirit to the composite factor model (4). A key distinction is that we
model the matrix .4 to have low rank. As discussed earlier, this modeling constraint is
motivated by the goal of associating semantics to latent variables. It is also important to
note that algorithms for factor analysis and for canonical correlations analysis usually
operate on covariance and cross-covariance matrices. However, we parametrize our
regularized maximum-likelihood problem (4) in terms of precision matrices, which is
a crucial ingredient in leading to a computationally tractable convex program.

The nuclear-norm heuristic has been employed widely over the past several years in
a range of statistical modeling tasks involving rank minimization problems; see [24]
and the references therein. The proof of our main result in Sect. 2 incorporates some
elements from the theoretical analyses in these previous papers, along with the intro-
duction of some new ingredients. We give specific pointers to the relevant literature
in Sect. 4.

1.6 Notation

Given a matrix U € RP'*P2 and the norm ||U ||, denotes the spectral norm (the largest
singular value of U). We define the linear operators F : S x S x RP*? x S —
S(P*49) and its adjoint FT : SPT) — SP x SP x RP*4 x S7 as follows:

A M_NK + K A
f(M9N7K10):< KT 0)’ F (I<QT 0>:(Q7Q’Ks0) (7)

Similarly, we define the linear operators G : SP x RP*4 — S+ and its adjoint
G S+d 5 SP x RP*4 as follows:

Finally, for any subspace ), the projection onto the subspace is denoted by Psg,.
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2 Theoretical results

In this section, we state a theorem to prove the consistency of convex program (4). This
theorem requires assumptions on the population precision matrix, which are discussed
in Sect. 2.2. We provide examples of population composite factor models (4) that
satisfy these conditions. The theorem statement is given in Sect. 2.4 and the proof of
the theorem is given in Sect. 4 with some details deferred to the supplementary material.

2.1 Technical setup

As discussed in Sect. 1.4, our theorems are premised on the existence of a population
composite factor model (3) y = A*x + B¢, + € underlying a pair of random vec-
tors (y, x) € R? x RY, with rank(A*) = k,, B} € RP*k« and column-space(A*) N
column-space(B8,*) = {0}. As the convex relaxation (4) is solved in the precision
matrix parametrization, the conditions for our theorems are more naturally stated in
terms of the joint precision matrix ©®* € SPT4, @* > 0of (y, x). The algebraic aspects
of the parameters underlying the factor model translate to algebraic properties of sub-
matrices of @*. In particular, the submatrix (9; . hasrank equal to k., and the submatrix
©7 is decomposable as D} — L} with D} being diagonal and L} = 0 having rank equal
to k. Finally, the transversality of column-space(.A*) and column-space(3,*) trans-
lates to the fact that column—space(@;.x) N column—space(L;) = {0} have a transverse
intersection.

To address the requirements raised in Sect. 1.4, we seek an estimate (6, by, iy)
from the convex relaxation (4) such that rank(@y ) = rank(@;x), rank(iy) =

rank(L;), and that ||@ — ©®™*||2 is small. Building on both classical statistical esti-
mation theory [1] as well as the recent literature on high-dimensional statistical
inference [2,24], a natural set of conditions for obtaining accurate parameter esti-
mates is to assume that the curvature of the likelihood function at ®* is bounded in
certain directions. This curvature is governed by the Fisher information at ®*:

I* A @*—l ® @*—1 — E*® *

Here ® denotes a tensor product between matrices and I* may be viewed as a map
from S(?P*9) to S(P+9) We impose conditions requiring that I* is well-behaved when
(Dy = D%) = (Ly — L%) Oy — OF,
Oy’ — 03,/ Oy — O

(Ly, ®y,) are in a neighborhood of (L;, @); ) restricted to sets of low-rank matrices.
These local properties of I* around ®* are conveniently stated in terms of rangent
spaces to the algebraic varieties of low-rank matrices. In particular, the tangent space
atarank-r matrix N € RP1*P2 with respect to the algebraic variety of p; x p» matrices

with rank less than or equal to r is given by:*

applied to matrices of the form ® — @* = , Where

4 We also consider the tangent space at a symmetric low-rank matrix with respect to the algebraic variety of
symmetric low-rank matrices. We use the same notation ‘7"’ to denote tangent spaces in both the symmetric
and non-symmetric cases, and the appropriate tangent space is clear from the context.
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T(N) £ {Ng + Nc|Ng, Nc € RPP*P2,
row-space (Ng) € row-space (N),

column-space (N¢) € column-space (N)}

In the next section, we describe conditions on the population Fisher information I*
in terms of the tangent spaces T(L;), and T((H);x); under these conditions, we present
atheorem in Sect. 2.4 showing that the convex program (4) obtains accurate estimates.

2.2 Fisher information conditions

Given anorm || - ||y on S? x S x RP*4 x §4, we first consider a classical condition
in statistical estimation literature, which is to control the minimum gain of the Fisher
information I* restricted to a subspace H C S” x S” x RP*9 x §7 as follows:

XL - lIr) = min 1PuF T FPu(Z)llr, 9
1Zlr=1

where Py denotes the projection operator onto the subspace H and the linear maps F
and F T are defined in (7). The quantity x (H, || - ||r) being large ensures that the Fisher
information I* is well-conditioned restricted to image FH C SP*4. The remaining
conditions that we impose on II* are in the spirit of irrepresentibility-type conditions [6,
12,15,23,25] that are frequently employed in high-dimensional estimation. In the
subsequent discussion, we employ the following notation to denote restrictions of a
subspace H = Hy x Hy x H3z x Hy C SP x SP x RP*9 x §4 (here H, H>, H3, Hs
are subspaces in S”, S”, RP*4,S9, respectively) to its individual components. The
restriction to the second components of H is given by H[2] = H;. The restriction to
the second and third component of H is given by H[2, 3] = Hy x H3 C S” x RP*4,
Given a norm ||.|| ;7 on SP x RP*9, we control the gain of I* restricted to H][2, 3]

EM|-|lg) 2 min ||P "GP Dl
(EL - W) Lomin 1Pr2.319 ' T* G Pup2.31(2) | 1
1ZIn=1

(10)

Here, the linear maps G and G are defined in (8). In the spirit of irrepresentability
conditions, we control the inner-product between elements in GH[2, 3] and GH[2, 3]+,
as quantified by the metric induced by I* via the following quantity

O, [ lm) = max (P30 61 GPa.s (Pap.aG T'GPap.s) ™ (Dl
1Zlm=1

(11
The operator (PH[2,3]QT]I*QPH[2,3])’1 in (11) is well-defined if &(H) > 0, since
this latter condition implies that I* is injective restricted to GH[2, 3]. The quantity
@, || - |ly) being small implies that any element of GH[2, 3] and any element of
GH[2, 3]+ have a small inner-product (in the metric induced by I*). The reason that
we restrict this inner product to the second and third components of H in the quantity
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@(H, ||.]|r) is that the regularization terms in the convex program (4) are only applied
to the matrices Ly and ©y,.

A natural approach to controlling the conditioning of the Fisher information around
®* is to bound the quantities x (H*, || - ||v), & ™*, || - |l7), and o(H*, || - ||y) for
H* =W x T(L;) X T(@;x) x S? where W € SP is the set of diagonal matrices.
However, a complication that arises with this approach is that the varieties of low-rank
matrices are locally curved around L} and around @7, . Consequently, the tangent
spaces at points in neighborhoods around L3} and around ©}, are not the same as
T(L;) and T(@; ). In order to account for this curvature underlying the varieties
of low-rank matrices, we bound the distance between nearby tangent spaces via the
following induced norm:

p(T1, T2) = max [(Pr; — Pr,)(N)|2.
INl2=1

The quantity p(77, T2) measures the largest angle between 77 and 7». Using this
approach for bounding nearby tangent spaces, we consider subspaces H' = W x Ty’ X
T}fx x S4 for all T)/, close to T'(L}) and for all Ty/x close to 7'(®3,), as measured by
p [6]. For wy € (0, 1) and w,, € (0, 1), we bound x (H', || - lyv), &', || - | ;7). and
@', || - |l ;7) in the sequel for all subspaces H' in the following set:

U(wy, wyy) 2 [W X T} x Tl x S| p(TL, T(LY) < wy

(12)
P(T, T(O3) < oy
We control the quantities & (H', || - ||;7) and @(H', || - ||;7) using the dual norm of
the regularizer trace(Ly) + ¥ || @y || in (4):
1©yx 2
Ty(Ly, ©yy) £ max { ILyll2, —==¢. (13)
Furthermore, we control the quantity x (H', || - ||y) using a slight variant of the dual
norm:
S ”@yx”Z
@y (Dy, Ly, Oyx, Ox) =max { | Dyll2, [ILyll2, MOkl (14)

Y
in the optimality conditions of (4), controlling the quantities y (H', ®,), & (H', I ¥)s
and ¢ (H', I', ) leads to a natural set of conditions that guarantee the consistency of the
estimates produced by (4). In summary, given a fixed set of parameters (y, wy, wy,) €
R4 x (0, 1) x (0, 1), we assume that [* satisfies the following conditions:

As the dual norm max {||L yll2, ] of the regularizer in (4) plays a central role

Assumption 1 : inf x(H', @,) >, forsomea >0 (15)
H'eU (wy,wyx)
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Assumption 2 : inf EM,Ty,) >0 (16)
HeU(wy,wyx)
2
Assumption 3 : sup oM, Iy)) <1——— forsome g >2. (17)
H' €U (0yx 0y B+1

For fixed (y, wy, wyx), larger value of o and smaller value of 8 in these assumptions
lead to a better conditioned I*.

Assumptions 1, 2, and 3 are analogous to conditions that play an important role
in the analysis of the Lasso for sparse linear regression, graphical model selection
via the Graphical Lasso [15], and in several other approaches for high-dimensional
estimation. As a point of comparison with respect to analyses of the Lasso, the role of
the Fisher information I* is played by AT A, where A is the underlying design matrix.
In analyses of both the Lasso and the Graphical Lasso in the papers referenced above,
the analog of the subspace H is the set of models with support contained inside the
support of the underlying sparse population model. Assumptions 1, 2, and 3 are also
similar in spirit to conditions employed in the analysis of convex relaxation methods
for latent-variable graphical model selection [6].

2.3 When do the Fisher information assumptions hold?

In this section, we provide examples of composite models (3) that satisfy Assump-
tions 1, 2 and 3 in (15) (16), and (17) for some choices of « > 0,8 > 2, 0w, €
(0,1),wyx € (0,1) and y > 0. Specifically, consider a population compos-
ite factor model y = A*x + B}¢, + €, where A* € RP*? with rank(A*) =
ke, B € RP-%« | column-space(A*) N column-space(B};) = {0}, and the random
variables ¢,, €, x are independent of each other and normally distributed as ¢, ~
N, Z,). € ~ N(0, Zz). As described in Sect. 1.2, the properties of the compos-
ite factor model translate to algebraic properties on the underlying precision matrix
®* e SP*4. Namely, the submatrix ®7, has rank equal to k. and the submatrix
©j is decomposable as D} — L} with D} being diagonal and LY > 0 having rank
equal to k. Recall that the factor model underlying the random vector y € R” that is
induced upon marginalization of x is specified by the precision matrix of y given by
@; =D} — [L’y‘ + O3, Ca @;y]. Here, L} + 67, @n~! O3, represents the effect
of the latent variables in the underlying factor model. When learning a composite factor
model, this effect is decomposed into: &7, (OF )~ ! ©},—arank k, matrix representing
the component of this affect attributed to x—and L;—a matrix of rank k, represent-
ing the effect of residual latent variables. There are two identifiability concerns that
arise when learning a composite factor model. First, the low rank matrices L7 and
03,(0F )~ ! ©7F, must be distinguishable from the diagonal matrix D7. Following pre-
vious literature in diagonal and low rank matrix decompositions [5,17], this task can
be achieved by ensuring that the column/row spaces of L} and ©7, (@;)_1@;), are
incoherent with respect to the standard basis. Specifically, given a subspace U C R?,
the coherence of the subspace U is defined as:

nwU) = max [Py(elly,
i=1,2...p
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where P denotes a projection operation and e¢; € R” denotes the i’th standard basis
vector. It is not difficult to show that this incoherence parameter satisfies the following
inequality:

dim(U)

=u) =1

A subspace U with small coherence is necessarily of small dimension and far from
containing standard basis elements. As such, a symmetric matrix with incoher-
ent row and column spaces is low-rank and quite different from being a diagonal
matrix. Consequently, we require that the quantities ,u(column-space(L;)) and

u(column—space(@);x@;fl@;y)) are small.’> The second identifiability issue that

arises is distinguishing the low rank matrices L} and O, (@;)—1 O3, from one another.
This task is made difficult when the row/column spaces of these matrices are nearly
aligned. Thus, we must ensure that the row/column spaces of L} and &7, Cha (O
are sufficiently transverse (i.e., have large angles).

These identifiability issues directly translate to conditions on the population
composite factor model. Specifically, ,u(column-space(L;)) and p(column-space
(O3, (O7) 1 ©75,)) being small translates to 1 (column-space(A*)) and u(column-space
(B3)) being small. Such a condition has another interpretation. It states that the effect
of x and ¢, must not concentrate on any one variable of y; otherwise, this effect can
be absorbed by the random variable € in (3). The second identifiability assumption
that the row/column spaces of L} and ©7, (Cla O3, have a large angle translates to
the angle between column spaces of A* and I3} being large. This assumption ensures
that the effect of x and ¢, on y can be distinguished.

Having these identifiability concerns in mind, we give a stylized composite fac-
tor model (3) and numerically check that the Fisher Information Assumptions 1,
2, and 3 in (15), (16), and (17) are satisfied for appropriate choices of param-
eters. Specifically, we let p = 30,g = 2,ky, = 1, and k, = 1. We let
the random variables x € R?,¢, € Rki & € RP be distributed according to
x ~ N(@O,Zyxq). u ~ N(O, Tk, xk,), and € ~ N(0,Z,,). We generate matri-
ces J € RP*k | K e R9**x with i.i.d Gaussian entries, and let A* = JK . Similarly,
we generate B € RP*k with i.i.d Gaussian entries. We scale the matrices A* and
B} to have spectral norm equal to 0.1. Taking an instantiation of these matrices,
the smallest angle between the column spaces of 4* and B} is 87 degrees. Further-
more, the quantities p(column-space(A*)) and p(column-space(B})) are 0.009 and
0.01 respectively. Thus, our stylized model satisfies the identifiability assumptions
discussed earlier in this section. Under this stylized setting, we numerically evaluate
Assumptions 1,2,and 3 in (15), (16), and (17) with a Fisher information I* that takes the
form:

¢ (THAAT BB AT (T AT BB A
- AT z AT T

5 We only need to control the coherence of the column spaces since these matrices are symmetric.
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Table 1 Ranges of y and the

: a = B =
corresponding values of « and B
that satisfy Assumptions 1, 2, (0.87,1.04) 0.058 49
and 3 T '
(0.89, 1.04) 0.060 24
(0.91, 1.03) 0.061 15
(0.95, 1.02) 0.065 9

We let wy, = 0.003, wy, = 0.003 so that the largest angle between the pair of tangent
spaces T, T (L}) and tangent spaces T)’,x, T(07,) isless than 0.1 degrees. Employing
anumerical procedure described in Section 1 of the supplementary material, we obtain
arange of values of y, @ > 0, and 8 > 2 that satisfy Assumptions 1, 2, and 3 in (15),
(16), and (17). The values of « and B that are computed using this procedure serve
as a lower and upper bound for the optimal « and g, respectively. Indeed, an exciting
direction for future research is to develop sharper numerical or analytical techniques to
precisely characterize the optimal values of & and 8. Table 1 illustrates ranges of y and
the corresponding values of « and § that satisfy Fisher information Assumptions 1 and
3. We note that for all the ranges of y shown in this table, infyy ey (v, .w,,) & (H') > 0.32
so that Assumption 2 is also satisfied. Examining Table 1, we observe that a larger
range of y results in a smaller value of « and a larger value of S.

2.4 Theorem statement

We now describe the performance of the regularized maximum-likelihood programs
(4) under suitable conditions on the quantities introduced in the previous section.
Before formally stating our main result, we introduce some notation. Let oy, denote
the minimum nonzero singular value of LY and let oy, denote the minimum nonzero
singular value of @7, . We state the theorem based on essential aspects of the condi-
tions required for the success of our convex relaxation (i.e., the Fisher information
conditions) and omit complicated constants. We specify these constants in Sect. 4.

Theorem 1 Suppose that there exists a > 0,8 > 2, wy, € (0,1),wyy € (0, 1),
and the choice of parameter y so that the population Fisher information 1* sat-
isfies Assumptions 1, 2, and 3 in (15), (16) and (17). Let m £ max{l, %}, and

m 2 max{1, y}. Furthermore, suppose that the following conditions hold:
1.

2
nz [ﬁ%m(’](p +q)

4. oy, >[ B msrhz]kn

<x5wyx
Then with probability greater than 1 — Zexp{ — C’prob ﬂ‘z"—jﬁnkfl} the optimal

solution (é, by, i,y) of (4) with i.i.d. observations D,;" = {y("),x(")};’:1 of (v, x)
satisfies the following properties:
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1. rank(iy) = rank(L;), rank((:)yx) = rank(@;x)
2. |Dy = Djll2 S " 1Ly = L}ll2 S 80, Oy — O3]l S 5k, 1O —
Ol < ™,

We outline the proof of Theorem 1 in Sect. 4. The quantities o, B, wy, wyy as well as
the choices of parameters y play a prominent role in the results of Theorem 1. Indeed
larger values of «, wy, wy, and smaller values of B (leading to a better conditioned
Fisher information even for large distortions around the tangent space T(L;) and
T(@;x) lead to less stringent requirements on the sample complexity, on the minimum

nonzero singular value of oy, of L}, and on the minimum nonzero singular value oy
*
of O7,.

2.5 Identifying an accurate factor model

Our objective is to learn a composite factor model that is close to a factor model
underlying y. As such a factor model is often not available in advance, we present
an approach for learning a factor model (1) using observations of y. In particular, we
fit observations D, = {y" )};':1 to the factor model (1) using the following convex
relaxation:

(ﬁy, Zy) = arg min —E([)y - Zy; Dy) + Xntrace(iy)
Dy,LyesP
Dy—L,>0

y—Ly
s.t. Zy >0, f)y is diagonal. (18)

We note that the convex program (18) is a specialization of the convex program (4)
for learning a composite factor model. The parameter A, in (18) provides a tradeoff
between fidelity of the model to the observations and the complexity of the model (i.e.,
the number of latent variables). In contrast to minimum-trace factor analysis—in which
the objective is to decompose a covariance matrix as the sum of a diagonal matrix and
alow-rank matrix [11,18-20]—the regularized maximum-likelihood convex program
(18) fits factor models by decomposing a precision matrix as the difference between a
diagonal matrix and a low-rank matrix. Although the focus of this paper is not about
learning a factor model accurately, we characterize the consistency of the convex
relaxation (18) under Assumptions on the population Fisher information with respect to
y. Specifically, let @ and 8 denote analogous quantities to « and A in Fisher information
Assumptions 1 and 3. Let o denote the minimum nonzero singular value of L} +

03,(0F )~ ! ©7,. Then, the convex program (18) succeeds under appropriate Fisher

- ~ ’ i
information conditions and n 2, [?7] Dy An ~ g, / f, and o0 2 fib An. We present
y

&5
o
the complete technical discussion in Section 6.6 of the supplementary material.

3 Experimental results

In this section, we demonstrate the utility of Algorithm 1 for interpreting latent vari-
ables in factor models both with synthetic and real financial asset data.
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3.1 Synthetic simulations

We give experimental evidence for the utility of Algorithm 1 on synthetic examples.
Specifically, we generate a composite factor model (3) y = A*x+ B¢, +€ as follows:
we fix p = 60 and ¢ = 10. We let the random variables x € RY, ¢, € R¥, & € R” be
distributed according to x ~ N(0, Zy <), &u ~ N(0, Z, xk,)» and € ~ N (0, Zpx ).
We generate matrices J € R” xke K e RI%kx with i.i.d Gaussian entries, and let
A* = JKT. Similarly, we generate B: € R” *ku with ii.d Gaussian entries. This
approach generates a factor model (1) with k = k, + k,,. The composite factor model
translates to a joint precision matrix ©*, with the submatrix ©F = D} — L7 where
D; is diagonal, rank(L;) = k,, and rank(@);x) = ky. We scale matrices .A* and 3 to
have spectral norm equal to T. The value 7 is chosen to be as large as possible without
the condition number of @®* exceeding 7 (this is imposed for the purposes of numerical
conditioning). We obtain four models with (k., k,) = (1, 1), (ky, k) = (2,2), and
(kx, k) = (3,3), and (kx, ky) = (4, 4).

For the purposes of this experiment, we assume that the input to Algorithm 1 is
the oracle factor model specified by the parameters (D;, L; + (H);,x (©)~ ! (H);y), and
demonstrate the success of steps 2-3 of Algorithm 1. In particular, for each model,
we generate n samples of responses y and covariates x, and use these observations
as input to the convex program (4). The regularization parameters A,, y are cho-
sen so that the estimates (6, I:y, lA)y) satisfy (/) rank(L} + @)*,x(@;)’l@;y) =
rank(iy)—l—rank(éyx @Ax_l(@xy), >ii) column-space(@yx)ﬂcolumn-space(iy) = {0},
and the deviation from the underlying factor model max{|| D; - ﬁy l2/1l D; lI2, |l L; —

[iy + @yx @x_l@xy] l2/IL3 112} is minimized. Figure 1a shows the magnitude of the
deviation for different values of n. Furthermore, for each fixed n, we use the choice

1.5 T T T 10
(a) +(ku’kx) =(1,1) (b)
ek k) =(2,2)
u X 8 |
(k k) =(3.3) 8 —=(k, k) =(1,1)
1 ek k) =44 2 —(k,k) = (2,2)
[0}
g 6 (k k) =(3.3)
g 3 - (k k) = (44)
5 i
4
05 28
S
=)
Z 2
\
0 L 1 1 ﬂ O 1 1 1
0 500 1000 1500 2000 0 500 1000 1500 2000
n/(p+q) n/(p+q)

Fig. 1 Synthetic data: plot shows the error (defined in the main text) and probability of correct structure
recovery in composite factor models. The four models studied are (i) (ky, ky) = (1, 1), (ii) (kx, ky) =
(2,2),and (iii) (kx, ky) = (3,3), and (iv) (kx, ki) = (4, 4). For each plotted point in (b), the probability
of structurally correct estimation is obtained over 10 trials. a Composite factor model error and b composite
factor model structural recovery
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of regularization parameters (4,, ) to compute the probability of obtaining struc-
turally correct estimates of the composite model (i.e., rank(Ly,) = rank(L;) and

rank(@;x) = rank(@y)). These probabilities are evaluated over 10 experiments and
are shown in Fig. 1b. These results support Theorem 1 that given (sufficiently many)
samples of responses/covariates, the convex program (4) provides accurate estimates
of the composite factor model (3).

3.2 Experimental results on financial asset data

We consider as our responses y the monthly stock returns of p = 45 companies from
the Standard and Poor index over the period March 1982 to March 2016, which leads
to a total of n = 408 observations. We then obtain measurements of 13 covariates that
can plausibly influence the values of stock prices: consumer price index, producer price
index, EUR to USD exchange rate, federal debt (normalized by GDP), federal reserve
rate, GDP growth rate, government spending (normalized by GDP), home ownership
rate, industrial production index, inflation rate, mortgage rate, oil import, and saving
rate. Of these 13 covariates, the covariates federal debt, government spending, GDP
growth rate, and home ownership rate are only available at a quarterly scale. Monthly
observations are available for the remaining covariates. Evidently, many more obser-
vations of y are available than of (y, x) jointly. As described in Sect. 1.3, this scenario
motivates us to first learn a factor model using the monthly observations of y. We then
associate semantics to the latent variables of this factor model by fitting a composite
factor model to the more limited joint observations of (y, x).

For the purpose of learning a factor model, we set aside a random subset of 71 ain =
308 of the total n = 408 observations as a training set and the remaining subset
of nest = 100 as the test set. We let Dygin = {y@}75" and Diesy = {y}7 be
the corresponding training and testing data sets respectively. We use the observations
Drrain as input to the convex program (18) where the regularization parameter A is
chosen via cross-validation. Concretely, for a particular choice of Xn, we supply Dirain
as input to the convex program (18), and solve (18) to obtain a factor model specified by

(Dy, L y). We then compute the average log-likelihood over the testing set Diegt using
the distribution specified by the precision matrix ﬁy —L y. We perform this procedure

as we vary i, from 0.04 to 4 in increments of 0.004. Figure 2 shows a plot of rank (L )
(i.e., number of latent factors) versus average log-likelihood performance on the testing
set. Notice that fixing the number of latent factors does not lead to a unique factor model
as varying the regularization parameter ,, may lead to a change in the estimated model,

but no change in its structure (i.e., rank(i),) remains the same). As larger values of
average log-likelihood are indicative of a better fit to test samples, these results suggest
that 10 latent factors influence stock prices. We thus focus on associating semantics
to the factor model with the largest average log-likelihood performance that consists
of 10 latent factors.

We now proceed with the steps 2—3 of Algorithm 1. To obtain a consistent set of joint
observations (y, x) to employ as input to the convex program (4), we apply a 3-month
averaging for each variable that is available at a monthly scale (i.e., the responses y
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Fig. 2 Number of latent factors 54
versus average log-likelihood PR
over testing set. These results are 545 | I [ Xy .
obtained by sweeping over - I Yy X,
parameters A, € [0.04, 4] in 8 55 *oxy
increments of 0.004 and solving % I Ty
the convex program (18) = |
& 955+
kel
S 56l
o
2
< -56.5 L
-57 . . . . . .
0 5 10 15 20 25 30 35
number of latent factors
Table 2 Number of it A ~ -
faactof mod;?W?:hO composite (Rank(®yy ), rank(Ly)) No. of models satisfying
rank(©y,) = 1 5 that conditions of step 2
yx) =1,y
satisfy the requirements of step 2 (1,9) 167
in Algorithm 1 (for the factor ’
model with 10 latent variables) (2,8 196
(3,7) 218
4,6) 110
(5.5) 98

and the covariates x with the exception of the four specified earlier) to obtain quarterly
measurements. This leads to n = 137 quarterly measurements. We denote the quar-
terly responses and covariates by y and %, respectively. We let D} = {(5©, i([))}?:]
be the set of joint quarterly observations of response y and covariates x. Using obser-
vations D; as input to the convex program (4), we perform an exhaustive sweep over
parameter space (A,, y) to learn composite models with estimates (@, by, iy) such
that rank(@) =0,1,2,...10, and rank(i,y) =0,1,2,...10. As we are interested
comparing these composite models to the factor model with 10 latent variables, we
finely grid the parameter space (1,, y) so that there are a large number of models
for which rank(@) + rank(i y) is equal to 10. Among these models, we restrict to
those that satisfy the conditions of step 3 of Algorithm 1. Table 2 shows the num-
ber of models that satisfy these conditions for rank(@yx) = ,5. For each
d=1,...,5, we then 1dent1fy the composue factor model Wthh mlmmlzes the

quantity maX{IID — Dylla/I1Dyll2. ILy — Ly — Oy, 0! OX)]HZ/”L l[2}. Table 3
shows the values of this quantity for rank(@yx) =1, ..., 5 with respect to the factor
model with 10 latent variables.

Examining Table 3, we note that there is large increase in deviation as rank(@yx) is
increased above 2. Thus, we consider the composite factor model with rank((:)yx) =2
to be an acceptable approximation of the underlying factor model. As a final step
of the algorithm, we investigate the properties of the two-dimensional row-space of
@y + to shed some light on those covariates that appear to play a significant role in
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Table 3 Deviation of the

candidate composite factor (ra“k(@)%)’ rank(I:y)) max{HD} *ﬁy HZ/HDV lI2 “i‘y -
mod.el from the factor mo@el [Ly + ()w Ox}]”Z/”L 2}
consisting of 10 latent variables
(1,9) 0.39
(2,8) 0.40
3,7) 0.47
4,6) 0.51
(5.5) 0.55
Table 4 Strength of each Covariate Strenath
covariate in the composite factor £
model with 2-dimensional Exchange rate 0.18
projection of covariates and 8 .
latent variables Government expenditures 0.14
GDP growth rate 0.11
Home ownership rate 0.09
Industrial production rate 0.08
PPI 0.08
CPI 0.07
Federal debt 0.06
Saving rate 0.04
Inflation rate 0.04
Federal reserve rate 0.03
Oil import 0.03
Mortgage rate 0.01

capturing some of the latent phenomena in the 10-factor model. In particular, for the
composite factor model with (rank(@yx), rank(l: y)) = (2, 8) (second row in Table 3),
we let V € R13*2 denote a matrix with orthogonal, unit-norm columns such that the
columns of V form a basis for the row space of @yx (such a matrix may be computed,
for example, via the singular value decomposition). Thus, the projection of x onto
the row-space of 2] yx—given by VT x—represents the interpretable component of the
latent variables. We then consider the Euclidean-squared-norm of the ith row of V,
as this specifies the relative strength of the ith covariate. As shown in Table 4, all
covariates have some contribution (as we allow general linear combinations of the
covariates x in the composite factor model (3)). However, the covariates exchange
rate, government expenditures, and GDP growth rate seem to be the most relevant,
and the covariates mortgage rate and oil import seem to be the least relevant.

4 Proof strategy of Theorem 1

We first begin by spec1fy1ng the constants in Theorem 1. Let ¢ £ ||@*~ 1||2, C =
112y, Co = max{1ge5. 5V 533} Coamp = CCo, C1 = 14897 + 249, Cy =
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84w4(24w4 + 148w2)2, and C prob = W&I/"‘ The precise conditions on the number

of observations, the regularization parameter A,,, minimum nonzero singular value of
L; and minimum nonzero singular value of @;x for Theorem 1 are given by:

2 [B 6
l.n> Cmmp[ Sm (p—l—q)]

" [ {ﬁ 2\/@] /SmICoi|

3. 0y > Cg[ £ ”;l)\n:l

oy

2.

>

4 oy = Col Lminh, |

a’wyy
Moreover, under these conditions, with probability greater than 1 — 2 exp ( -C prob

mﬁ—;m&) , the optimal solution of the convex program (4) with estimates (@, L s by)

satisfies the following properties:

1. rank(Ly) = rank(L}), rank(©,,) = rank(©},,)

2. IDy = Dilla = Ci1%8 . Ly — Lilla < C1%% . 1Oy — 0% 2= C
2 1O = OFll2 < €22,

Now under assumptions of Theorem 1, we construct appropriate primal feasible
variables (O, Dy, Ly) that satisfy the conclusions of the theorem—i.e., @, L are
low-rank (with the same ranks as the underlying population quantities ny and L;)—
and for which there exists a corresponding dual variable certifying optimality. This
proof technique is sometimes also referred to as a primal—dual witness or certificate
approach [23]. The high-level proof strategy is similar in spirit to the proofs of con-
sistency results for sparse graphical model recovery [15] and latent variable graphical
model recovery [6], although our convex program and the conditions required for
its success are different from these previous results. Consider the following convex
program

~ A

(@,Dy,Ly)y=arg  min  —O:; D) + dnly Oyl + I Lyllu]
OeSPtd, ©>0
Dy,LyeSP

s.t. ®, =Dy, —L,, D, is diagonal 19)

Comparing (19) with the convex program (4), the difference is that we no longer
constrain Ly to be a positive semidefinite matrix. In particular, if L, > 0, then the
nuclear norm of the matrix Ly in the objective function of (19) reduces to the trace
of Ly. We show in the supplementary material that with high probability, the matrix

iy is positive semidefinite. Standard convex analysis states that (€, ﬁy, iy) is the
solution of the convex program (19) if there exists a dual variable A € S? with the
following optimality conditions being satisfied:

2, -0, +A4=0; [Z,—07"], €Lyl
2y — 07 e € —hy 3Oyl [Zn— 071 =0
@y = f)y — iy; ﬁy is diagonal; A;; =0 fori =1,2,...p
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Recall that elements of the subdifferential with respect to nuclear norm at a matrix M
have the key property that they decompose with respect to the tangent space T (M).
Specifically, the subdifferential with respect to the nuclear norm at a matrix M with
(reduced) SVD given by M = U QV is as follows:

N € dMll. & Pran(N) = UVT | 1Pran (N2 < 1,

where P denote a projection operator. Let us denote the subspace )V € S” as the set of
diagonal matrices with nonnegative entries. Let SVD of L and &, be givenby L, =
UQV' and @y, = UQV’ respectively, and Z £ (0, A,UV’', —x,yUV’, 0).
Setting A = [, — @Iy off diagonal> and letting H = W x T(Ly) x T(Oy,) x $4,
the optimality conditions of (19) can be reduced to:

I PaFi(Z, -0 )=2 A
2. ”,PT(I:V)L(E” - @_l)yHZ < )"n; ”,PT(@”)J- (En - @_l)nyz < )\ny

Our analysis proceeds by constructing variables (6, by, iy) that satisfy the opti-
mality conditions specified above. Consider the optimization program (19) with
additional (non-convex) constraints that L, and ®,, belong to algebraic variety of
low rank matrices specified by L} and ©7,. While this new program is non-convex, it
has a very interesting property that at the global optimal solution (and indeed at any
locally optimal solution) L y and @yx are smooth points of their respective algebraic
varieties. This observation suggests that the Lagrange multipliers corresponding to
the additional variety constraints belongs to T(L y)J- and T((:)y )T respectively. We
show under suitable conditions that (@, ﬁy, I:y) also satisfy the second optimality
condition of (19) corresponding to the tangent spaces T(iy)J- and T(@yx)J-. Thus
(6, bv, f,v) is a unique solution of (4) and as constructed, is algebraically consistent
(i.e., rank(L ) = rank(L*) and rank(()yx) = rank(()yx))

4.1 Results proved in the supplementary material

To ensure that the estimate @ is close to the population quantity ®*, the quantity
E = ® — ©* must be small. Since the optimality condltlons of (19) are stated in
terms of @', we bound the dev1at10n between @~ and @*~ Spec1ﬁcally, the
Taylor series expansion of &~ ! around ©* is given by:

=@ +E) "=+ 0 'E®* ! + Rs-(E)

where, Ry« (E) = Z‘*[ Z/ﬁz(—E@*)k]- Recalling that I* = e* '@e* !, wenote

that ®~ ' —©*~! = I*(E) + Rx+(E). In Sect. 2.2, we imposed Assumptions 1,2, and
3in (15), (16), and (17) on I*. These assumptions allow us to control I*(E) when E is
restricted to certain directions. We bound the remainder term R x»(E) in Proposition 1
where E is restricted to live in a certain space. Specifically, consider the following
constrained optimization program:
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(6, Dy, Ly) = argming cgetr o590 —€(O: DY) + AalllLylle + ¥ Oyx ]
Dy,LyeSP

st. @y =Dy — Ly, (Dy,Ly, Oy, 0,) el (20)

Here H' = W x T{ x Ty, x S7, where T} is a subspace in S”, and T}, is a subspace

inRP*4 Tet A = (Dy — D;, I:y — L;, (:) ()yx, () M) denote the error in the
estimated variables. Furthermore, let A = D — D LAy = L' — L;, and so forth. In

the following proposition, we bound the remainder term Rx+(F(A)) defined earlier.

Proposition 1 Let ¢ 2 [0* 7!y and C' = 3 + y)¥. If ®,[A] < 5, then
@, [FT R+ (F(A)] < 2myC?®,[A.

Notice the bound on Rz« (F(A)) is dependent on the error term @, [ A]. In the follow-
ing proposition, we bound this error so that we can control the remainder term. Suppose
that fora > 0, 8 > 2, w, € (0, 1), and wy, € (0, 1), the Fisher information condi-
tions (15), (16), and (17) are satisfied. Suppose we let T’ and T/ be tangent spaces
to the low-rank matrix varieties and o (7" ¥ T(L*)) < wy and p(T! o T(@;x)) < Wyy.
Let E, = X* — X, denote the difference between the true joint covariance and the
sample covariance and let Cy = (PT,r (L*) PT, L (O ). The proof of the following

result uses Brouwer’s fixed-point theorem and is inspired by the proof of a similar
result in [6,15].

epe A 16,2 . . i e
Proposition 2 Let k = B(3 + >y “m). Consider the following two quantities:

4
ri 2 max {& (qsy[ﬂEn] + @, [F T FCr + /\n), ?, [CT]} @1

lI>

4 .
r &(d),,[}"' E))+ @, [F TFCr) 22)
2 o S 8>~n
Define r{ = max{ ( + )\.n), } and ry = . Suppose that (1) ri < r{, (2)
r2 < rfsand (3) Pl < min{ gy, St b then max{ 221l L aslla) <
2r{ and max{|| A2, || A4ll2} < ry. Consequently, ®,,(A) < 2ry.

In the following proposition, we prove algebraic correctness of program (20).
The statement of this proposition requires us to define some constants. Let

c = m(6w2+iw2 B k) + ko= A+ .G =

C/2¢2 max{2«x +1, C,wz +1}, me - C’21p2 max {2k + £ ok C’VIZ + £ } and Cmmp
max{ a o? }
8mw’ 16C7(2+1)" 128(2+1) max{1+%,%)2my2C2° 4c;C/ :

Proposition 3 Suppose that Gy > 2C, Jns Oyx = myzC/ An. Further, suppose

that A, is chosen so that A, < C’ Then there exists tangent space T C SP? in the

samp

rank-ky variety (k, = rank(L})) and tangent space T,. C RP*9 in rank ky-variety
(ky = rank(() ) where p(T), T(L*)) < wy, p(T, o T(@;x)) < wyy such that the
corresponding solution o, Dy, L y) of (20) satisfies the following properties:
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1. rank(iy) = rank(L;) and rank(@yx) = rank(@;x)
2. Letting Cr = (0, Pp,1(L}), Py 1(O3,), 0), we have that @, [F T*F(Cr)] <
y yx
5 and @, [Cr] < 2(1+ )y
3. @,[A] <2C)A,
4. Ly>0

Furthermore, suppose that @ (.7-'TE ) < 2t and @ [FTRE* (F(A)] < A” . Then
the tangent space constraint (D}, Ly, ny, ®,) € H’ in (20) is inactive, so that
O, Dy, L y) is the unique solution of the original convex program (4).

Thus far, the analysis of the convex program so has been deterministic in nature. In
the following proposition, we present the probabilistic component of our analysis by
showing the rate at which the sample covariance matrix X, converges to X* in spectral
norm. This result is well-known and is a specialization of a result proven by [7].

Proposition 4 Suppose that the number of observed samples obeys n > 64k*>m?

wzCézamp(p + q), and the regularization parameter A, is chosen so that: A, €

2
[8lﬂlcm\/7, T i| Then, with probability greater than 1 — ZEXP{ - W}
@) [FTE,] < 2.

4.2 Proof of Theorem 1

We first relate the constants C‘mml,, C , C~‘0, C 1, and C~'g of Theorem 1 to the constants
2
Ciamp C1 C(’,y, and C;, . In particular, using the properties that B > 2and ‘b > ; and
1 -

Bm C‘:“mp’ C = ,Bmgnﬁ C/ Co = ﬂm mn C‘;vx
and C 1 > rf‘l—;C i Furthermore, we have that C > %81&/(. Usmg these relations,
one can also check that the assumptions of Theorem | imply that the assumptions of
Proposition 3 and Proposition 4 are satisfied. Thus we can conclude that the optimal
solution (®, Dy, Ly) of (20) (with a particular choice of tangent spaces Ty’ and T}’,x)
satisfy results of Proposition 3. Further, by appealing to Proposition 4, we have that
P, (F'E,) < % If we show that QD),[fTRz‘*(A)] < %, then we conclude that

the unique optimum (6, ﬁy, L y) of the original convex program (4) coincide with

m,m > 1, one can check that: (:’0 >

the optimum ((9, ﬁy, I:y) of the convex program (20). Thus, we conclude that the
estimates of (4) have structurally correct structure (i.e., rank(Ly) = rank(L}) and
rank((:)yx) = rank(@;x)) and have their error bounded by @, (A) < 2C{)\n. T(S show
that <Dy[}'TRp A)] < AK—", we note that

4 + 3 4 /A A 4ry (2
(@) F Bl + @, [FTFCr 4+ 2n) = = (T 4+ =24 0) = =2 (S +1)

1 a
4C’" 32max{l + % }2m1ﬁC’2}

mm [
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Here, we used the bound on @, [F T*FCr] provided by Proposition 3 and the bound
on A,. Furthermore, appealing to Proposition 3 once again, we have @, [C1] < g(l +
%)kn < min{%, Wno‘w}. Thus Proposition 2 provides us with the bound @,,[A] <

2C 1 hy < % We subsequently apply the results of Proposition 1 to obtain:

A
O, [F Ry (F(A)] < 2myC s [ A < [2mwc’2cg%\n]xn <

The last inequality follows from the bound on 1,,.

5 Discussion

In this paper we describe a new approach for interpreting the latent variables in a factor
model. Our method proceeds by obtaining observations of auxiliary covariates that
may plausibly be related to the observed phenomena, and then suitably associating
these auxiliary covariates to the latent variables. The procedure involves the solutions
of computationally tractable convex optimization problems, which are log-determinant
semidefinite programs that can be solved efficiently. We give both theoretical as well
as experimental evidence in support of our methodology. Our technique generalizes
transparently to other families beyond factor models such as latent-variable graphical
models [6], although we do not pursue these extensions in the present article.
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Supplementary Material: Interpreting Latent Variables in Factor
Models via Convex Optimization

Armeen Taeb T and Venkat Chandrasekaran f* *

T Department of Electrical Engineering
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Pasadena, CA 91125

1 A Numerical Approach for Verifying Assumptions 1, 2, and 3
(main paper)

We begin by considering Assumption 1 in (15)(main paper). Let

f1 = 2max{\/p, vV2ku, V2kzy, \/3}, f2 = max{y/2ky, 2k} and

w2 max{wy,wy, }. Let Z = (Z1, Za, Z3, Zs) € H' with ®.(Z1, Z, Z3, Z,) = 1. It is straightforward
to check that:

O [Py F FPy (21, Zo, Z3, Z4)] > f1 ' Omin(Pas FIT* F Pz
1
— max {1, f}(\/gw +w+V3u) oyt 2Ty
gl
Notice that the quantity o, (P FT* FPg+) (and henceforth the quantity 77) is computable given
the population model. Thus a trivial lower bound for « is given by:

inf H.,®,)>a>T
e oy X ®) 2 a2 Th

We now consider Assumption 2 in (16) (main paper). Let Z = (Z1,Z;) € H[2,3]" with
I'y(Z1, Z2) = 1. Using triangle inequality, it is straightforward to check the following bound:

1
0y [P,y G TGPy sy (Z1, Z2)] > min {1, ;}(\/gfz)_l
min (Prpz,3+ G 1* G P2 3+)
— max {1, }y}(\/ﬁ’;w + w4 V3w?) fop? £ T2

Notice that the quantity T» is computable giving the population model. Then,

inf  E(H,T.,)>T2
H' €U (wy wyz) ( ’y) o

*Email: ataeb@caltech.edu, venkatc@caltech.edu



Now we consider Assumption 3 in (17) (main paper). Using triangle inequality, it is straightforward
to check that:

1
1 [PH[z,g]/lgTH*gPH[z,:q/ (Z1,25)] < V3fymax {1, ;}
O'max(,PH[Q,?’]*J_gTH*g,PH[Q?g)]*)
+ max {1, }y}(\/&d +w+ V3w fy? £ T3

Similarly, the quantity 75 can be computed given the population model. Then, an upper bound
for o(H',T'y) is given by:

2 T3 2
sup e, T,) <1—-—— < == < 73
H' €U (wyz wyz) /8 T2 — 7o

2 Proof of Proposition 1 (main paper)
Proof. We note that:

1Az < IADyll2 + [[ALylla + [|A8yzl2 + |AOz[l2 < (3 +7) 24 (A)
Furthermore, recall that

Rs-(F(A)) = £ 1[§: Ay,
k=2

Using this observation and some algebra, we have that:

A

H[AT?
@, [Aly

(3 +7)?
1—- B+~

< 2mypCRa, (A

~—

O, [F Re: (F(A)] < my[ S @lAl)] < me?
k=2

3 Proof of Proposition 2 (main paper)

Proof. The proof of this result uses Brouwer’s fixed-point theorem, and is inspired by the proof of
a similar result in [5, 2]. The optimality conditions of (20) (main paper) suggest that there exist
Lagrange multipliers Qp, € W, Qr, € Tf‘, and Qr,, € TémJ‘ such that

[Xn — éil]y + QDy =0; [Zn— éil]y + QTy € )‘naHiy”*
[Zn - @_l]ym + QTyx S _)‘n'YaH@y:vH*; [En - @_1]:10 = 0

Letting the SVD of L and ©,, be given by L, = UDV’ and 6,, = UDV’ respectively, and
Z 20, MUV, =X\UV’, 0), we can restrict the optimality conditions of (15) (main paper)
to the space H' to obtain, Py F T(En — C:)_l) = Z. Further, by appealing to the matrix inversion
lemma, this condition can be restated as Py, F'(E, — Ry+(FA) + I*F(A)) = Z. Based on the



Fisher information assumption 1 in (15) (main paper), the optimum of (20) (main paper) is unique

(this is because the Hessian of the negative log-likelihood term is positive definite restricted to the

tangent space constramts) Moreover, using standard Lagrangian duality, one can show that the

set of variables (O, Dy, L,) that satisfy the restricted optimality conditions are unique. Consider

the followmg function S(Q) restricted to 0 € W x T, x Ty, x S? with p(T(Ly),T,) < wy and
P(T(05,), Tyy) < wya:

S(0) = 8 = (PwF I FPy) ! (PuFI(Bn — RsrF(@+Cr)
+I*"F(6 + Cr)] — Z>

The function S(§) is well-defined since the operator Py F'I* FPy is bijective due to Fisher infor-
mation assumption 1 in (15) (main paper). As a result, ¢ is a fixed point of S(§) if and only if
Py F By — Rs+ (F(3+Cr)) +T*F(8+C7)] = Z. Since the pair (6, D,, L,) are the unique solution
0 (20) (main paper), the only fixed point of S is Pyr[A]. Next we show that this unique optimum
lives inside the ball B’r’f,'ﬂz‘ = {é ‘ maX{H(SQHQ, %”(53“2} S r;‘li,max{Hleg, H(54H2} S T‘g é S HI}. In
particular, we show that under the map 5, the image of B ;u lies in B,u .« and appeal to Brouwer’s
fixed point theorem to conclude that Py [A] € L For (5 € By pu, the first component of S(9),

denoted by S(J)1, can be bounded as follows:

1S@)ills = H [(PH/.FT]I*J-"PHr)‘l (PH/]-"T [E, — R (F(6+ Cr)

+ TFCH + Z>]1H2 < %[(I%[fT(En +T"F(Cr))]

2 v 2
+ 0, [FlRs-(8+ Cp)) < %2 + =0, [F' Ry (8 + Or)

The first inequality holds because of Fisher Information Assumption 1 in (15) (main paper), and the
properties that ®.[Pu,,(.)] < 2®,(.) (since projecting into the tangent space of a low-rank matrix
variety increases the spectral norm by a factor of at most two) and ®,(Z) = A,. Moreover, since

r{ < %, we have (6 + Cr) < ©,(6) + ¢ (Cr) < 21} < ﬁ Moreover, 7 < r§ max{1+ §, ¢
We can now appeal to Proposition 1 (main paper) to obtain:

2 4
SOF R @+ Cr)] < omyCP(@, (3 + Cp)]?

16
< Eml/}C&(rg)z max{1 + g, %}2
< 2
- 2

Thus, we conclude that ||S(0);]l2 < r4. Similarly, we check that:
l15@ellls = ||[(Par 1 FPa) (P FI B — R (F(6+ Cn))
2
* < Z T *
+ TFCr +2)| | < 2|0 [F (B + FFC)] 4+ A
2 + rt 2 t u
+ 2a Rt o) < Tt 2 FlRe 5+ Or) <

Using a similar approach, we can conclude that %HS (0)3]l2 < r} and ||S(d)s]l2 < r%. Therefore,
Brouwer’s fixed point theorem suggests that Pgs(A) € By pu. Hence, |[Aq]l2 < rh, [[Ayll2 < 75,
[Asle < [[Prrigj(A2)ll2 + [|Parpg e (A2)l[2 < 2rf, and
SNAsll2 < 21Pary(As) 2 + 5| Pargg e (A2) 2 < 27 O

3



4 Proof of Proposition 3 (main paper)

Below, we outline our proof strategy:

1. We proceed by analyzing (19) (main paper) with additional constraints that the variables
L,, and O, belong to the algebraic varieties low-rank matrices (specified by rank of Ly, and
©;,) , and that the tangent spaces T'(Ly), T(©y;) are close to the nominal tangent spaces
T(Ly), and T(©},) respectively. We prove that under suitable conditions on the minimum
nonzero singular value of Ly, and minimum nonzero singular value of O},
pair of variables (©, Dy, L,) of this non-convex program are smooth points of the underlying
varieties; that is rank(Ly) = rank(L}) and rank(©yy) = rank(©3,). Further, we show that L,
has the same inertia as L; so that L, = 0.

any optimum

2. Conclusions of the previous step imply the the variety constraints can be “linearized” at the
optimum of the non-convex program to obtain tangent-space constraints. Under the specified
conditions on the regularization parameter \,, we prove that with high probability, the unique
optimum of this “linearized” program coincides with the global optimum of the non-convex
program.

3. Finally, we show that the tangent-space constraints of the linearized program are inactive
at the optimum. Therefore the optimal solution of (19) (main paper) has the property that
with high probability: rank(L,) = rank(L}) and rank(©,,) = rank(©},). Since L, = 0, we

conclude that the variables (0, Dy, L,) are the unique optimum of (4) (main paper).

4.1 Variety Constrained Program

We begin by considering a variety-constrained optimization program. Letting (M, N, P,Q) C SP x
SP x RPX? x §% we denote Ppp3(M,N,P,Q) = (N,P) C SP x RP*9. The variety-constrained
optimization program is given by:

O, Dyt Ly = argmin —£(0; D;f) + An[l|Lyll« +7]1Oya 4]

0cS7tP, 90
Dy,Ly€SP

st. ©y,=D,—L,,(0,Dy,L,) € M. (1)
Here, the set M = M1 N Moy, where the sets M7 and My are given by:

M, A {(@, D, L,) € S0 x SP x Sp‘Dy is diagonal, rank(L,) < rank(L)

A

rank (Oy;) < rank(@%); ||73T(L;)L(Ly — L;)HQ < 2—152

A
1Pro.)- (O = O})ll2 < 5 75}
My = {(&DyaLy) € ST x 8P x Sp‘
8 4 1
ITF(A) 2 < 6muAn(— + ~ + ),
ak o K
The optimization program (1) is non-convex due to the rank constraints rank(L,) < rank(Lj) and
rank(©,,) < rank(©j,) in the set M. These constraints ensure that the matrices L,, and O,
belong to appropriate varieties. The constraints in M along T’ (L;)l and T (@Z’jg‘,)L ensure that the

tangent spaces T'(Ly) and T(0y;) are “close” to T'(Ly) and T(©},) respectively. Finally, the last
conditions roughly controls the error. We begin by proving the following useful proposition:



Proposition 4.1. Let (©, Dy, Ly) be a set of feasible variables of (1). Let A = (Dy — Dy, Ly —

L%, 0y~ 07, 0,—0%) and recall that C} = 2mm (6¢2+ 2 460 ”+,<;)+ﬁ Then, ®,[A] < C/\,

Proof. Let H* =W x T(Ly) x T(©},) x S?. Then,

O, [FI*FPu-(A)] < &, [FIIF(A)] + &, [FT* FPy. . (A)]
< Gﬁlm@/}g/\n(i-i-é—Fl)
(6% K
2 n w x>\n
+ omy <2¢2 gzp? )
< mmAn " (6y? 2 w +48¢2 +r)

Since B[Py (-)] < 20,(-), we have that @, [Py F1T* FPg: (A)] < 27min (6¢2 22y 80T /-@)
Consequently, we apply Fisher Information Assumption 1 in (15) (main paper) to conclude that
. [Pu+(A)] < % (6¢2 + Hy? 4+ 48¢ £+ n) Moreover:

2
0, [A] < O, [Py (A)] + &4 [P (A)] < 2”:“ (61/12+ 2y 4815 <4 r)
+ =i,

O]

Proposition 4.1 leads to powerful implications. In particular, under additional conditions on
the minimum nonzero singular values of Ly and ©},, any feasible set of variables (©, Dy, L) of (1)
has two key properties: (a) The variables (0, L,) are smooth points of the underlying varieties,
(b) The constraints in M along T(L;)L and T(G)Zm)L are locally inactive at ©,, and L,. These
properties, among others, are proved in the following corollary.

Corollary 4.2. Consider any feasible variables (©, Dy, L,) of (1). Let o, be the smallest nonzero
singular value of L, and oy, be the smallest nonzero singular value of ©,. Let H =W xT(Ly) X

T(0y:) xS and Crr = P2 (0, Ly, ©5,.,0). Furthermore, recall that C] = 2mm (61#24—%1#24-%4-

/ﬁ)—i—#, Ch=2(1+2), Cp, = CPY? max{2r+1, C’¢2+1} and C,, = = CPy? max{2x+%, C,wg—i— £l
Suppose that the followmg inequalities are met: oy > ng)\n,
Oyz > w'y C(’,yz)\n. Then,

1. Ly and Oy, are smooth points of their underlying varieties, i.e. rank(Ly) = rank(Ly),

rank(Oyx) = rank(05,); Moreover Ly has the same inertia as L;.

2. |\ Prpgys (Ly — Ly)l2 < W and |[Pres )1 (Oye — O, )2 < 48%#

8. p(T(Ly), T(Ly)) < wy; p(T(Oy), T(0},)) < wya; that is, the tangent spaces at Ly and Oy,
s “close” to the tangent space Ly and ©},.

4. @4[Cpr] < min{’:‘#,cp\n}



Proof. We note the following relations before proving each step: C] > ﬁ > m+p2’ Wy, wyz € (0,1),
and k > 6. We also appeal to the results of regarding perturbation analysis of the low-rank matrix
variety [1].

1. Based on the assumptions regarding the minimum nonzero singular values of Ly and ©j,,

one can check that:

0/2)\ C,A
oy = ;"mzﬁ(ﬁﬂ)z L (2 4 1) 2 8|11 — Ll
y Y
CAn 6
yx

Combining these results and Proposition 4.1, we conclude that L, and ©,, are smooth points of
their respective varieties, i.e. rank(L,) = rank(L;), and rank(©,,) = rank(©;,). Furthermore, L,
has the same inertia as Lj.

2. Since oy > 8||L, — L*Hg, and 0y, > 8|0y, — O}, |2, we can appeal to Proposition 2.2 of [2]
to conclude that the constraints in M along Pp L)+ and PT(@zz)i are strictly feasible:

1L, L3l _

[Prws)s (Ly — Ly)lla < - < Bmi?
. 10y — 65,13 An

3. Appealing to Proposition 2.1 of [2], we prove that the tangent spaces T'(L,) and T'(0©,,) are
close to T'(L;) and T(©},) respectively:

ALy~ Lyl _ 20w
T(L,), T(L* =< Foe T S
p(T(Ly),T(Ly)) - = CPam2(2k + 1) = Y
2 @ x T @*x QC/ An d
p(T(@yx)aT(@;x)) < | . . L < CP2A —ros = Wy
Oyz wyzn,y 1/,2( +2/¢)

4. Letting a and a be the minimum nonzero singular value of L, and ©,, respectively, one
can check that:

> oy — |1Ly — Lylla > 8C1 A > 8[| Ly — Ly |2
O = Oyz — ||Oya — O3, ll2 > 8CT Ay > 8[|0,, — 65,2
Once again appealing to Proposition 2.2 of [2] and simple algebra, we have:

2, (Cr) < ml[Pr,(Ly = Lyl2 + m|Pre,,): (Oyz — OF,)l2
1Ly = LylI5 104 —05.l15 . [\
< m o +m = <m1n{ ¢2,C2A }

Y yx




4.2 Variety Constrained Program to Tangent Space Constrained Program

Consider any optimal solution (@M,Dﬁ/‘,Lﬁ’l) of (1). In Corollary 4.2, we concluded that the
variables (@ﬁg, Lﬁ”‘) are smooth points of their respective varieties. As a result, the rank constraints
rank(Ly) < rank(L}) and rank(©yy) < rank(©j) can be “linearized” to Ly € T(L{,\/‘) and O, €
T (@é‘g) respectively. Since all the remaining constraints are convex, the optimum of this linearized
program is also the optimum of (1). Moreover, we once more appeal to Corollary 4.2 to conclude
that the constraints in M along Py L)+ and PT(@%)L are strictly feasible at (@M, Dl//\’l, Lé\/l) As
a result, these constraints are locally inactive and can be removed without changing the optimum.
Therefore the constraint (™, Dé\/‘, L{/V‘) € M is inactive and can be removed. We now argue that
the constraint (M, D;"l, Léw) € My in (1) can also removed in this “linearized” convex program.
In particular, letting Hag £ W x T(Lﬁ’t) X T(@ﬁ;‘) x S, consider the following convex optimization
program:

(©,Dy,L,) = argmin —U(©; DF) + An[ll Lyllx + V[1Oyzl]
0cS?tP, 80
Dy,L, €SP
s.t. Gy = Dy — Ly, (Dy,Ly, @ym, @m) € H g (2)

We prove that under conditions imposed on the regularization parameter \,, the pair of variables
(oM, Dé\/‘, Lﬁ/‘) is the unique optimum of (2). That is, we show that

1. [IFF(A)]: < 6m1/;2)\n(% +44 %>

Appealing to Corollary 4.2 and Proposition 4 (main paper), we have that &, [F/I*FCr,,] <
An . [Cr,,] < C4A, and (with high probability) ®,[FTE,] < 2. Consequently, based on the

P
bound on )\, in assumption of Theorem 1 (main paper), it is straightforward to show that r} <

1 o
407 32 max{1+5,§ }2mypCr2

have that [|Aq]|2, [[A4llz < 7 < ri, ||Az]lz < 2rf and [|Alls < 2yr}. Therefore:

min } so that ®,[A] < %C' Hence by Proposition 2 (main paper), we
ITFA)l2 < *(|A1ll2 + 1822 + |A3]12 + | Aall2)

8 4 1
< Gmyp?ry < omuth, (— + =+ )
R (6% K

4.3 From Tangent Space Constraints to the Original Problem

The optimality conditions of (2) suggest that there exist Lagrange multipliers Qp, € W, Qr, €
T(L)Y*, and Qr,, € T(@%)L such that
£ =07, +Qp, =0; [, -0, +Qr, € NI|Ly|.
[Zn — é_l]y:ﬁ +Qr1,, € *)\nVaHéyacH*; [En — é_l]x = 0
Letting the SVD of L, and ©,, be given by L, = UOV’ and ©,, = UOV’ respectively, and
Z 2 (0, \UV/, —)\@’}/UV/, 0), we can restrict the optimality conditions to the space Hpq to

obtain, PHM}"T(En — ©71) = Z. We proceed by proving that the variables (O, Dy, Ey) satisfy the
optimality conditions of the original convex program (4) (main paper). That is:

1. Py, Fi(2, -0 =2

2. maX{”PTél(En - éil)yH% %HPTﬁ(En - éil)ym’b} < An
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It is clear that the first condition is satisfied since the pair ((:),S’y,f/yl is optimum for (2). To
prove that the second condition, we must prove that I, [PHj\_/l [2’3}@(2” —© 1] < \. In particular,

denoting A = (D, — Dy, L,— Ly, Oy — 05, 0, — ©%) we show that:
PPt 50 T 0Paos(A)] < Au— [Py FIE) (3)
— ©,[Pyy F'Rs:(F(A))]
— [Py FIT"FCr,]
— TPy, T F(A1,0,0,A4)]
Using the fact that I [PHM[Z:;]LQT(N)] <o, [PHj\_A]:T (N)] for any matrix N € SPT4, this would
in turn imply that:
T [Pa 232 G T GPr 2,3(A)] < An = T5[Py 030 G Enl (4)
— T3[Puy 232G Rer (F(A))]
— T4[Pyps G T FCry]
— Ty[Pay 232 G T F(A1,0,0,A4)]
Indeed (4) implies that the second optimality condition is satisfied. So we focus on showing that
(4) is satisfied. Since ®,[A] < 557, we can appeal to Proposition 1 (main paper) and the bound
on A, to conclude @, [FfRs«(F(A))] < 2mypC2®,[A]? < 2mypC2CP2N2 < 2=, Using the first

optimality condition, the fact that projecting into tangent spaces with respect to rank variety
increase the spectral norm by at most a factor of two (i.e. ®4[Pu,,(-)] < 2®,(-)), the fact that

[,[GT())] < ®,[F1(-)], and that x = B(6 + 1642 =), we have that:

Ly [P, [2,3}9”1*977}11,\4 2,3 (A)]

An + 2T [GT Ry (A)] + 21, [GTT* FCr,, ]
20, [GTE,] 4+ T, [GTT* F(A1,0,0, Ay)]

An 4 20, [F' Ry« (A)] + 20, [FIT* FCr,,]
20, [FIE,] + @, [FIT*F(A1,0,0,Ay)]
An

B

Applying Fisher Information Assumption 2 in (16) (main paper), we obtain:

IN -+ IN + A

Ay +

. + DA, 2 An
L P 0P (@) < CED (1o 2oy 5 2
An
< -3
< A — (I’“/[]:TRE( (A)] - ’Y[FTH*‘FCTM]
— O, [FIE,] - T,[G'T*F(A1,0,0,Ay)]
<

A — @4 [ Py F'Rex (F(A))]

— [Py FITFCr,]

- CI)W[PHjA}-TEn]

— Ty[Pay 232 G T F(A1,0,0,A4)]

Here, we used the fact that [|[Pri(.)]|2 < ||.||2 for a tangent space T' of the low-rank matrix variety.



5 Proof of Proposition 4 (main paper)

We must study the rate of convergence of the sample covariance matrix to the population covariance
matrix. The following result from [3] plays a key role in obtaining this result.

Proposition 5.1. Given natural numbers n,p with p < n, Let I' be a p X n matriz with i.i.d
Gaussian entries that have zero-mean and variance % Then the largest and smallest singular

values 01(I') and o,(I") of I' are such that:
n

max {Prob[al (M) <1+ \/g—l— t], Problo,(I') <1 — L t]}

We now proceed with proving Proposition 4 (main paper). First, note that ®.[F TE,] <m|%,—
Y¥*||2. Using Proposition 5.1 and the fact that % < &Y and n > W\L#W, the following bound

holds: Prlm||X,—¥*[ls > 22] < 2exp{—128:27m”2¢2}. Thus, &, [F1E,] < 2= with probability greater
than 1-— 2€Xp{ — %}

6 Consistency of the Convex Program (18) (main paper)

In this section, we prove the consistency of convex program (18) (main paper) ~for estimating a
factor model. We first introduce some notation. We define the linear operator: F : SP x SF — SV
and its adjoint FT : SP — SP x SP as follows:

FMK)2M-K,  FI(Q) % (Q.Q). (5)

We consider a population composite factor model (3) (main paper) y = A*z + B}(, + € un-
derlying a pair of random vectors (y,z) € RP x R?, with rank(A*) = k,, B € RP*k«  and
column-space(A*) N column-space(B}) = {0}. As the convex relaxation (18) (main paper) is
solved in the precision matrix parametrization, the conditions for our theorems are more natu-
rally stated in terms of the joint precision matrix ©* € SPT4 ©* = 0 of (y,z). The algebraic
aspects of the parameters underlying the factor model translate to algebraic properties of sub-
matrices of ©*. In particular, the submatrix ©j, has rank equal to k;, and the submatrix ©}
is decomposable as Dy — L7 with D being diagonal and Ly = 0 having rank equal to k,. Fi-
nally, the transversality of column-space(.A*) and column-space(B})) translates to the fact that
column-space(©},) N column-space(L;) = {0} have a transverse intersection. We consider the fac-
tor model underlying the random vector y € RP that is induced upon marginalization of x. In
particular, the precision matrix of y is giv?n bAy (:)’y* = Dy —[L}+65,(05)'0%,]. To learn an accu-
rate factor model, we seck an estimate (D,, L,) from the convex program (18) (main paper) such

that rank(iy) = rank(L;+@;x®§:_1@’;y), and the errors || D, =Dyl L, — Ly +05,.(05) 105,12
are small.

Following the same reasoning as the Fisher information conditions for consistency of the convex
program (4) (main paper), A natural set of conditions on the population Fisher information at ©}



— (O & (O] : :
defined as I} = (©;) 7" @ (©}) " are given by:

Assumption 4 inf Y(H,®)>a, forsomed>0 (6)
H' €U (@)
Assumption 5 : inf Z(H') >0 (7)
H €U (@)
. o P .
Assumption 6 : sup p(H') <1-— = for some 8 > 2, (8)
H el (@) B+1

where,

XH, [ ly) = gllﬁ |PaZ' [, IPu(Z)|x
1Z]|r=1

2(H) £ I*
(H) Zfél]}lﬂnz] | P21 L P2y (2) ]2
1Z]2=

P(H) £ ngﬁé] [P 2113 Prago) (Pragoy Iy Prrjy) ™~ Y2l
1Zll2=
U@) 2 {WXT' | T T(L; + ©4,(65)7165,)) < &y }

®(D, L)

lI>

max {|| Dz, [| L[|} -

Assumption 4 controls the gain of the Fisher information I restricted to appropriate subspaces and
Assumption 5 and 6 are in the spirit of irrepresentability conditions. As the variety of low-rank
matrices is locally curved around T'(Lj + @ZI(GQ)*IGQy), we control the Fisher information I} at
nearby tangent spaces T’ where p(T", T(L} + ©5,(03)7'05},)) < ©y,. We also note that measuring
the gains of Fisher information I§ with the norm ® and || - |2 is natural as these are closely tied
with dual norm of the regularizer trace(L,) in (18) (main paper).

We present a theorem of consistency of the convex relaxation (18) (main paper) under Assump-
tions 4, 5 and 6. We let o denote the minimum nonzero singular value of Ly + G;I(@’;)*l(%gy. The
proof strategy is similar in spirit to the strategy for proving the consistency of the convex relaxation
(4) (main paper).

Theorem 6.1. Suppose that there exists & > 0, B> 2, @y € (0,1) so that the population Fisher
information I satisfies Assumptions 4, 5 and 6 in (6), (7), and (8). Suppose that the following
conditions hold:

1.0z | %]

3 B
B ~
3. 0 A>dey)\n

Then with probability greater than 1 — Qexp{ — C%nS\?L}, the optimal solution (@, ﬁy, [ny) of
(18) (main paper) with i.i.d. observations D, = {y(i)}?zl satisfies the following properties:

1. mnk:(iy) = rank(L} + ©5,(03)7'65,)
2. |Dy — Dyl < 2, 1Ly — Ly — ©5,(02) 7105, 2 < 33

r\/a2
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