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ABSTRACT

Modeling and Estimation of High-dimensional Vector Autoregressions
by

Sumanta Basu

Chair: George Michailidis

Vector Autoregression (VAR) represents a popular class of time series models in
applied macroeconomics and finance, widely used for structural analysis and simul-
taneous forecasting of a number of temporally observed variables. Over the years it
has gained popularity in the fields of control theory, statistics, economics, finance,
genetics and neuroscience. In addition to the “curse of dimensionality” introduced
by a quadratically growing dimension of the parameter space, VAR estimation poses
considerable challenges due to the temporal and cross-sectional dependence in the
data.

In the first part of this thesis, we discuss modeling and estimation of high-
dimensional VAR from short panels of time series, with applications to reconstruction
of gene regulatory network from time course gene expression data. We investigate
adaptively thresholded lasso regularized estimation of VAR models and propose a
thesholded group lasso regularization framework to incorporate a prior: available
pathway information in the model. The properties of the proposed methods are as-

sessed both theoretically and via numerical experiments. The study is illustrated on

xii



two motivating examples coming from functional genomics and financial economet-
rics.

The second part of this thesis focuses on modeling and estimation of high-dimensional
VAR in the traditional time series setting, where one observes a single replicate of a
long, stationary time series. We investigate the theoretical properties of ¢;-regularized
and thresholded estimators in high-dimensional VAR, stochastic regression and covari-
ance estimation problems in a non-asymptotic framework. We establish consistency
of the estimators under high-dimensional scaling and propose a measure of stability
that provides insight into the effect of temporal and cross-sectional dependence on the
accuracy of the regularized estimates. We also propose a low-rank plus sparse mod-
eling strategy of high-dimensional VAR in the presence of latent variables. We study
the theoretical properties of the proposed estimator in a non-asymptotic framework,
establish its estimation consistency under high-dimensional scaling and compare its

performance with existing methods via extensive simulation studies.
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CHAPTER I

Introduction

Recent advances in information technology have made high-dimensional time se-
ries datasets increasingly common in many biomedical and economic applications.
Examples include structural analysis and forecasting of many macroeconomic vari-
ables (Stock and Watson, 2006; Barnbura et al., 2010), large volatility matrix esti-
mation in asset pricing (Fan et al., 2011), reconstruction of regulatory network from
time course gene expression data (Michailidis and d’Alché Buc, 2013) and discovering
functional and effective connectivity amongst brain regions from fMRI data (Smith,
2012).

Despite inherent difference in the focus of these problems together with unique
statistical and computational challenges from a modeling perspective, a central un-
derlying theme is to understand the interactions among the components of a large
dynamic system from temporal datasets.

This thesis focuses on developing rigorous and computationally efficient model-
ing strategies for vector autoregressive models (VAR) from high-dimensional datasets.
Vector autoregression refers to a popular class of models in economics and control the-
ory, commonly used for studying complex interrelationships among the components
of a multivariate time series. In the next few sections, we provide a brief description

of VAR models in the statistics and economics literature and their recent applica-



bility in the fields of genomics and neuroscience, outline key technical challenges in
high-dimensional settings and summarize our contributions to the existing literature.

We conclude this chapter with an outline of subsequent chapters.

1.1 A Short Overview of Vector Autoregressions (VAR)

Autoregressive modeling of multivariate stationary processes originated in control
theory, where vector-valued autoregressive moving average (VARMA) and state-space
representations were used as canonical tools for identification of linear dynamic sys-
tems (Kumar and Varaiya, 1986; Hannan and Deistler, 2012). Some authors advo-
cated the use of higher-order VAR over more general VARMA models (Liitkepohl,
2005) due to numerous identification issues of the latter model class. A strong the-
oretical justification of such a modeling strategy comes from the famous Wold de-
composition theorem, which ensures that a large class of stationary processes can be
represented as potentially infinite order VAR processes (Fournier et al., 2006).

VAR models gained popularity in the economics literature following the seminal
works of Granger and Sims. Granger (1969b) proposed the notion of Granger causal-
ity, a statistical framework for determining whether a time series X' is useful in
forecasting another one Y*. Sims proposed VAR models as a theory-free method for
estimating economic relationships (Sims, 1980). Since then VAR models have been
widely used for testing Granger-causal relationships among macroeconomic variables,
including government spending and taxes on economic output (Blanchard and Perotti,
2002), stock price and volume (Hiemstra and Jones, 1994).

Formally, for a p-dimensional stochastic process X* = (X{,..., X}), a finite-order

VAR model of order d, often denoted as VAR(d), takes the form

X = A X 4 X2 4 A X B(€) = 0, Var(e) = %, (1.1)
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Figure 1.1: Graphical representation of the VAR model (4.3): directed edges (solid)
correspond to the entries of the transition matrices, undirected edges (dashed) corre-
spond to the entries of ¥

where Ay, ..., Ay are p X p matrices and {€'} is white noise process. The matrices
Ay, ..., Ay, commonly referred to as transition matrices, capture temporal relation-
ship among the individual system components, while the error covariance matrix
Y. (or the precision matrix Y1) captures additional conemporaneous dependence
among them. For structure learning and forecasting problems, one is primarily inter-
ested in estimating the transition matrices, although incorporating information about
the contemporaneous dependence often results in improved estimation and prediction
accuracy.

VAR models provide a natural interpretation as a directed network of interactions
among the individual time series, as illustrated in Figure 1.1. The network of directed
edges, where the edge weights are represented by the entries of Ay,..., Ay, is often
referred to as a Granger-causal network and the transition matrices are referred to as
the adjaceny matrices.

The macroeconomic applications described above involve learning Granger causal
networks in a classical time series setup, where the data consist of a single, long,
stationary snapshot of the vector-valued process {X!,... , XT; T large}. Another
important line of research in microeconomics considers learning Granger causal net-

works among several economic variables from temporal panel data, where one observes



a panel of subjects (individuals, firms, households etc.) over a short period of time
(Cao and Sun, 2011; Binder et al., 2005).

In the last ten years, the Granger causal framework and VAR modeling have also
found diverse applications in biological sciences. An important example is the recon-
struction of regulatory networks from time course gene expression data, a canonical
problem in functional genomics. The Granger-causal network of interactions among
multiple genes are obtained via VAR modeling of short panels, since the time course
data generally consist of short time series (typically 5 — 20 time points), but one
has access to replicates from different biological samples or patients (Michailidis and
d’Alché Buc, 2013).

Another motivating example comes from neuroscience, where the main interest is
in finding dynamic connectivity measures among different regions of human brain from
time-course fMRI data. Despite increasing use of Granger causality and VAR mod-
eling in the neuroscience literature, their sensitivity to latency difference in Haemo-
dynamic Response Function (HRF) and platform specific issues like downsampling
remain unclear (Seth et al., 2013). In this thesis, we do not consider applications in

neuroscience and mention them as interesting future research directions.

1.2 High-dimensional VAR: Challenges and Current Work

The problem of high-dimensionality occurs when the ambient dimension of the
model parameter space exceeds the available sample size. VAR models are intrinsi-
cally high-dimensional due to a quadratically growing parameter space. For instance,
fitting a VAR(4) model for p = 10 time series requires estimating dp® = 400 param-
eters (excluding estimation of the error covariance ¥.). However, such large number
of stationary observations are seldom available in practice. In classical time series
settting (7" large, n = 1), dependence among the observations further reduces the

effective sample size. Moreover, recent applications in macoecnomics and genetics



require analysis of hundreds of time series or genes. As a result, consistent estima-
tion and prediction is not possible without making some low-dimensional structural
assumption on the underlying model.

In Bayesian econometrics, researchers used several sparsity and structure inducing
priors to deal with this curse of dimensionality. Examples include gaussian, double-
exponential and Minnesota priors (Litterman, 1986; De Mol et al., 2008). The Gaus-
sian and double-exponential priors are related to ridge and lasso penalized regression
in the frequentist framework. More recently, the problem of high-dimensional VAR
estimation in the time series context has been addressed in the statistics literature by
several authors. For instance, Song and Bickel (2011) and Negahban and Wainwright
(2011) proposed lasso, group lasso and nuclear norm penalized estimation procedures
to encourage sparsity and structural pattern in the underlying network models. Dawvis
et al. (2012) proposed a regularized log-likelihood and two-stage estimation procedure
for encouraging sparsity in the model. In the genetic applications of short panel VAR,
Lozano et al. (2009a); Fujita et al. (2007a) and Shojaie and Michailidis (2010b) pro-
posed several modeling strategies for estimating sparse Granger causal networks from
time course gene expression data.

Despite its long history and wide applicability in many important problems, con-
siderable challenges and interesting questions remain in the statistical analysis of
high-dimensional VAR. First, due to the large dimensionality of time series datasets
in modern applications, dimension reduction via the mere assumption of sparsity is
often not adequate. In many applications, external information available to prac-
titioners can help reduce dimensionality in a meaningful way. In macroeconomic
applications, failure to correct for hidden factors can result in a non-sparse network
of interaction among the variables. Second, theoretical analysis of regularized es-
timates commonly used to fit high-dimensional VAR models is yet incomplete. As

we describe in Chapter IV, the results of Song and Bickel (2011) and Negahban and



Wainwright (2011) rely on stringent assumptions which do not hold beyond a small
class of stationary VAR(1) models. Lastly, with growing dimension of the datasets,
the computational complexity of many of these methods increase dramatically. It is
important to come up with scaleable algorithms, often achieved via distributed and

parallel implementation, for analyzing large VAR.

1.3 Contribution of this work

This thesis makes several contributions to the existing literature of high-dimensional
VAR models.

On the modeling front, we adopt the framework of regularized estimation with
convex penalties inducing low-dimensional structure on the model space. By and
large, all the methods proposed in this thesis can be viewed as variants of an M-

estimator of the following form

d
argmin £( X", Z A XY+ P(A, .. LAY (1.2)
AperAp P
where L(.,.) is a loss function (least squares or negative log-likelihood) and P(.) is
a convex penalty encouraging structured sparsity in the solution (lasso, group lasso,
nuclear norm or some combination of these). Regularized regression with convex
penalties is popular in the statistics and machine learning community for providing a
flexible and computationally efficient framework to incorporate in the model external
information a priori available to practitioners. In the context of structure learning
and prediction, we show that efficient use of appropriate penalties can achieve similar
goals and reduce effective dimensionality of the problem, leading to more accurate
estimation and forecasting strategies. In Chapter III, we show that a thresholded
variant of group lasso regularization can incorporate pathway membership of indi-

vidual genes towards accurate identification of gene regulatory networks. A salient



feature of our proposed method is that it can handle moderate misspecification in
the a priori available knowledge. In Chapter V, we show that a low-rank + sparse
modeling of VAR(1) model can effectively correct for hidden latent factors in the
reconstruction of Granger causal networks from time course data.

On the theoretical front, we present a rigorous, non-asymptotic analysis of high-
dimensional VAR estimation problems under the above regularization methods, both
in the context of classical time series and short panels. In the past decade, a significant
amount of research has been conducted on the theoretical properties of regularized
estimation in the regression context. However, most of these analyses crucially rely on
the availability of independent and identically distributed samples and hence do not
directly apply in the time series context. A key challenge in the theoretical analysis of
high-dimensional time series is to capture the effect of temporal and cross-sectional
dependence present in the data. To this end, in Chapter IV we develop a novel
measure of stability for stationary processes, based on their spectral representation.
We derive non-asymptotic upper bounds on the estimation errors of the proposed
regularized estimates in the time series context, ensuring consistent estimation under
high-dimensional scaling. We show that the proposed measure of stability provides
insight into how the dependence present in the data affects the accuracy of these
estimates. Our proposed measure of stability is fundamental to the nature of multi-
variate stationary processes and provides meaningful results in the context of other
important problems in high-dimensional time series including stochastic regression
and covariance estimation.

For all the methods proposed in this thesis, we discuss computationally efficient
implementation strategies. The thresholded group lasso presented in Chapter III re-
lies on hard-thresholding and is computationally efficient than the competing methods
for bi-level selection. In Chapter IV we develop a block coordinate descent algorithm

for analyzing regularized likelihood based VAR estimates, that is amenable to par-



allel implementation and scales easily for large datasets than the original, sequential
version suggested in Dawvis et al. (2012). We also demonstrate the advantages of the
proposed methods over competing methods via numerical experiments and applica-

tions on real data.

1.4 Organization of Thesis

This thesis consists of two main parts, each including two chapters. In the first
part, we discuss modeling and estimation of high-dimensional VAR from short panels
of time series, with applications to reconstruction of gene regulatory network from
time course gene expression data. In Chapter II, we propose an adaptively thresholded
estimation of Granger causal effects obtained from the lasso penalization method. We
establish the asymptotic properties of the proposed technique, and discuss the advan-
tages it offers over competing methods, such as the truncating lasso. Its performance
and that of its competitors is assessed on a number of simulated settings and it is ap-
plied on a data set that captures the activation of T-cells. In Chapter III, we extend
the above method to incorporate a priori available grouping structure on the indi-
vidual time series. To that end, we introduce a group lasso regression regularization
framework, and also examine a thresholded variant to address the issue of group mis-
specification. Further, the norm consistency and variable selection consistency of the
estimates are established, the latter under the novel concept of direction consistency.
The performance of the proposed methodology is assessed through an extensive set
of simulation studies and comparisons with existing techniques. The study is illus-
trated on two motivating examples coming from functional genomics and financial
econometrics.

The second part, consisting of Chapters IV and V, focuses on VAR models in the
traditional time series settings, where we observe a single, long, stationary realization

of the multiple time series. In Chapter IV, we investigate the theoretical properties



of ¢1-regularized VAR estimates along with two other important statistical problems
in the context of high-dimensional time series - stochastic regression with serially
correlated errors and sparse covariance matrix estimation from temporal data. For
all three problems, we derive non-asymptotic upper bounds on the estimation er-
rors, thus establishing that consistent estimation is possible via ¢;-regularization and
thresholding for a large class of stationary time series under sparsity constraints. In
Chapter V, we consider the problem of estimating high-dimensional VAR models in
the presence of unobserved latent factors. We propose a low-rank plus sparse model-
ing of the transition matrix of a VAR(1) model and show that a regularized estimator
based on an infimal convolution of nuclear norm and ¢; norm can approximate the
low-rank and the sparse components with high accuracy. Using the techniques devel-
oped in Chapter IV, we establish non-asymptotic upper bound on the approximation

error and show that consistent estimation is possible under high-dimensional scaling.



CHAPTER II

Adaptive Thresholding for Reconstructing
Regulatory Networks from Time Course Gene

Expression Data

2.1 Introduction

Reconstructing gene regulatory networks is a critical problem in systems biology.
Gene regulation is carried out by binding of protein products of transcription factors
(TF) to cis-regulatory elements of genes, which results in change of expression levels
of the regulated genes. Such relationships are often represented in the form of directed
graphs with transcription factors (TF) regulating target genes. This interpretation
of effects of transcription factors on regulated genes, as a physical intervention mech-
anism therefore implies that regulatory interactions among genes are by definition

causal.

In the theory of graphical models, causal relationships among random variables
are modeled using directed (acyclic) graphs, where an edge among two random vari-
ables indicates a direct causal effect. Statistical methods based on observational data
can only determine associations among random variables and causal discovery re-
quires additional assumptions and/or information about the underlying system. This

implies that, reconstructing gene regulatory networks may be only feasible through

10



carefully designed perturbation experiments. Such experiments are often expensive
and only possible in case of model organisms and cell lines. However, regulatory
mechanisms become evident if the expression level of gene Y is affected by changes
in expression levels of gene X. Time course gene expression data provide a dynamic
view of expression levels of all the genes under study, and therefore, can provide cues
to the causal relationships among genes, which can be used to reconstruct the gene
regulatory network.

Two of the most popular approaches for inferring gene regulatory networks using
time course gene expression data are dynamic Bayesian Networks, Murphy (2002) and
Granger causality, Granger (1969a). Dynamic Bayesian Networks (DBNs), generalize
the notion of Bayesian networks to allow for cycles in the graph, through expanding
the state space of the model by replicating the variables in the network over time
points. Cyclic networks are then transformed to directed acyclic graphs (DAGs) by
breaking down cycles into interactions between variables at two different time points.
Ong et al. (2002) and Perrin et al. (2003) discuss applications of DBNs for inferring
regulatory networks from time course gene expression data.

On the other hand, Granger causality is motivated by a practical interpretation
of predictability among random variables. In particular, given two random variables
X and Y, if the autoregressive model of Y based on past values of both variables
significantly outperforms the model based on Y alone, X is said to be Granger-causal
for Y. In the context of gene expression analysis, this definition implies that changes in
expression levels of Y could be explained by expression levels of X from previous time
points. Exploring Granger causal relationships is closely related to analysis of vector
autoregressive (VAR) models. Therefore, while applying DBNs to high-dimensional
applications may be computationally prohibitive, statistical methods can be used to
derive Granger causal relationships among genes from time-course gene expression

data using standard techniques for analysis of VAR models (see Yamaguchi et al.
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(2007); Opgen-Rhein and Strimmer (2007) for examples of such approaches).

Unlike the original application area of Granger causality in econometrics, in gene
regulatory network applications, the number of available samples is often small com-
pared to the number of genes in the study. As a result, sparse VAR models have been
explored by a number of researchers, including Fujita et al. (2007a) and Mukhopad-
hyay and Chatterjee (2007), to obtain reliable estimates of gene regulatory networks
when the number of genes, p is large compared to the sample size, n.

Penalized estimation methods provide sparse estimates of high dimensional sta-
tistical models. Arnold et al. (2007) use the lasso (or ¢;) penalty to discover the
structure of graphical models based on the concept of Granger causality in a financial
setting. More recently, a similar framework, using the group lasso penalty was used
by Lozano et al. (2009a) to group the effect of observations of each variable over past
time points.

A main challenge in applying both DBN and Granger causality models to discover
gene regulatory networks is that as the number of time points increases, the number
of variables used in the replicated representation of the network also increases. As a
result, many available methodologies simply ignore possible effects of genes on each
other from time points far in the past, resulting in possible loss of information. To
overcome this challenge, Shojaie and Michailidis (2010a) proposed to simultaneously
estimate the order of the vector auto-regressive model, as well as the interactions
among variables using a non-convex penalty, called the truncating lasso penalty, and
showed that when the effects of variables on each other decay over time, the proposed
penalty consistently estimates the order of the time series, as well as the structure of
the regulatory network in high dimensional sparse settings.

The decay condition in Shojaie and Michailidis (2010a) (referred to as S-M hence-
forth) is a natural assumption in many time series models. However, when this con-

dition is not satisfied, the truncating lasso penalty may fail to correctly estimate
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the order of the time series. In this study, we discuss examples where the decay as-
sumption of S-M may fail to hold, and propose a new estimator, based on adaptive
thresholding of lasso estimates, which can be used to simultaneously estimates the
order of the VAR model and the structure of the network. The new estimator is
based on the assumption that if the true VAR model includes non-ignorable effects
at any given time point, the number of edges in the network should exceed a certain
threshold. We formally state this assumption in Section 2.3, where we also investigate
the effect of violations of this assumption on false positive and false negative errors.

The remainder of the chapter is organized as follows. In Section 2.2, we re-
view some background material and present the new methodology and discuss its
asymptotic properties. Section 2.4 includes a comparative analysis of the performance
of the proposed estimator over a set of simulation studies, whereas applications to
time-course gene expression data from T-cell activation are presented in Section 2.5.
Section 2.6 discusses some final remarks on the choice of appropriate penalty, and

methods for evaluating the validity of underlying structural assumption.

2.2 Estimation of Regulatory Networks from Time Course

Gene Expression Data

We start this section by a brief introduction of two classes of statistical models for
analysis of genetic networks using time series observations, namely dynamic Bayesian
Networks (DBN) and graphical Granger causality. We then discuss penalized methods
for estimation of gene regulatory networks and introduce our new estimator based
on an adaptively thresholded lasso penalty. Computational issues and asymptotic

properties of the proposed estimator are discussed at the end of the section.
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2.2.1 Dynamic Bayesian Nework and Network Granger Causality

Bayesian networks models (BN) correspond to probability distributions over a
directed acyclic graph (DAG). More specifically, let G = (V, E), denote a DAG with
the node set V' and the edge set £ C V x V. Denote the random variables on the
nodes of the graph by Xj,...,X,, where p = |V| is the cardinality of the set V.
For a DAG G, it is clear that if (i,j) € F = (j,i) ¢ E. We represent E through
the adjacency matrix A of the graph, a p X p matrix whose (j,7)—th entry indicates
whether there is an edge (and its weight) from node j to node i. We represent an

edge from j to ¢ by 7 — 7, and denote by pa, the set of parents of node .

A probability distribution P is said to be (Markov) compatible with G if it admits
the following decomposition based on the set of parents of each node in the graph
(Pearl (2000a)):

P(Xi,...,X,) = ey P(Xi|pay). (2.1)

Pearl (2000a) shows that if P is strictly positive, the Bayesian network G associ-

ated with P is unique and P and G are compatible. This implies that the joint Gaus-
sian distributions defined according to (2.1) on nodes of G are uniquely defined and
Markov compatible with G. Markov compatible probability distributions on DAGs

can be defined using structural equation models, where each variable is modeled as

a (nonlinear) function of its parents. Given latent variables Z;,i = 1,...,p for each

node i, the general form of these models is given by:

Xi :fi(paiuzi)a 1= 17"'7p (22)

In (2.2), the latent variables represent the unexplained variation in each node, which is
independent of the effect of its parents. For Gaussian random variables, the function

fi is linear, in the sense that it corresponds to the linear regression of X; on the set of
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its parents pa;. In other words, for Gaussian random variables (2.2) takes the form:

JEPyY

where p;; represent the effect of gene j on i for j € pa; and p;; are the coefficients
of the linear regression model of X; on Xj,j € pa;. Note that in this case p;; = 0
whenever j ¢ pa;.

The main limitation of Bayesian networks is the requirement that the underlying
graph needs to be a DAG. However, gene regulatory networks often include cycles (e.g.
the cell cycle) or feedback loops that control the expression levels of genes. Thus, a
more general class of probability distributions on graphs is needed that allows for the
presence of directed cycles. To overcome this shortcoming, Murphy (2002) introduced
a generalization of Bayesian networks for analysis of time series data, called dynamic
Bayesian networks (DBN). In DBNs, random variables in the study are replicated
over time, and directed edges are only allowed from variables in each time point to
those in the future time points. In its simplest form, edges in DBN are limited to
those from variables in ¢ to variables in ¢ + 1. Such a model corresponds to a Markov
model. More generally, for variables Xj, ... X, observed over time pointst = 1,...,T,
edges are allowed from any time point ¢ to future time points t’ > ¢.

A closely related model for analysis of time series, which we adapt in this work, was
developed in the econometrics literature based on the work of Granger (1969a). In
this framework, called Granger causality, interactions among variables are defined if
past observations of one variable result in improved prediction of other variable. More
specifically, let X171 = {X}tT:1 and Y171 = {Y}tT:l, be trajectories of two stochastic
processes X and Y up to time 7. Then, X is said to be Granger-causal for Y if the

joint prediction model in (2.4) significantly outperforms the model in (2.5).

YT — Ayl:Tfl _i_BXl:Tfl +€T (24)
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yi = Ayt g 1 (2.5)

Network Granger causal models (NGC) extend the notion of Granger causality
among two variables to p variables. In general, define a vector time series X! =
(X%, ... ,X;)T and consider the corresponding vector auto-regressive (VAR) model

(Litkepohl (2005), Chapter 2):
XT = AT 4 AT g T (2.6)

Here, d denotes the order of the time series and Af,t = 1,...,d are p x p matrices
whose coefficients represent the magnitude of interaction effects among variables at
different time points.

In this model, XJ-T_t is considered Granger-causal for X! if the corresponding coef-
ficient, Af ; 1s statistically significant. It is then easy to see that, the NGC corresponds
to a DAG with p x (d + 1) variables, in which the ordering of the set of p-variate
vectors X794 ... X" is determined by the temporal index and the ordering among
the elements of each vector is arbitrary. As with DBNs, the interactions in NGCs are

only allowed to be forward in time, i.e. of the form X]-T_t = X' t=1,...,d

2.2.2 Penalized Likelihood Estimation Methods for Gene Regulatory Net-

works

In the analysis of gene regulatory networks, the number of genes often exceeds
the available samples of the gene expression data. As a result, an estimate of the
gene regulatory network based on graphical Granger causality may include spurious
edges that do not correspond to interactions among the genes. In such situations,
penalized estimation methods can improve the accuracy of the model, especially for
reconstructing the true regulatory network. Shojaie and Michailidis (2010b) show

that for Gaussian random variables, when the variables inherit a natural ordering,
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the likelihood function can be written as a function of the adjacency matrix of the cor-
responding DAG. They also show that the penalized estimate of the adjacency matrix
can be obtained by solving p—1 penalized regression problems. Using this connection,
general weighted lasso estimates of gene regulatory networks can be found by solving

the following p distinct ¢;-regularized least squares problems for i = 1,...,p:

argminn || X — ZXT tﬁt\\2+)\22]9t|w (2.7)

t
fteRp =1 =1

where X' denotes the n x p matrix of observations at time ¢, and X} denotes the
i'" column of X*. In this formulation, w§- = 1 corresponds to lasso estimates, and
adaptive lasso estimates are obtained by setting w! = |A§j|*7, where Afj is a consis-
tent estimate of Af;. Shojaie and Michailidis (2010b) consider a modification of the
adaptive lasso, which they call 2-stage lasso in which w} = 1V |A§j|*7, and Afj is
obtained using an initial lasso estimate and v = 1.

As pointed out in S-M, the order of the VAR model d is often unknown. Therefore,
to estimate the NGC, one either has to include all the previous time points by setting
d =T — 1, or set d to an arbitrary value. While the latter choice may result in
ignoring some of the edges from the true network, the former results in a model
with p(T — 1) covariates, which in turn exhibits inferior performance. To overcome
this shortcoming, the authors propose to estimate the NGC using the truncating

lasso penalty, which is given as the solution of the following non-convex optimization

problem, for ¢ =1,..., p:

p

argminn !XT — ZXT t9t||2+)\Z\I/tZ|9§|w§ (2.8)

OtcRP t=1 j=1
Ul=1 U= AMT{IIA“’”||o<pz,8/(T—1)}7 t>2

where M is a large constant, and [ is the allowed false negative rate. S-M propose
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an efficient algorithm for solving the optimization problem in (2.8), and show that
the proposed penalty gives a consistent estimate of the order of the underlying VAR

model, as well as the structure of the network if the model satisfies a decay assumption.

2.3 Adaptively Thresholded Lasso Estimate

The decay assumption for the truncating lasso estimate considered in S-M is a nat-
ural assumption in many applications. However, there are examples of VAR models
that do not satisfy this assumption. As an example, consider the VAR model whose
adjacency matrix is depicted in the top panel of Figure 2.2. In this case, observations
at time T are affected by those in time T'— 1 and T — 3, whereas no significant effects
exists from observations in time 7" — 2. In Section 2.5, we show that the time series
model of T-cell regulation shows a similar pattern of influence. In such cases when
the decay assumption fails to hold, the truncating lasso penalty of S-M may not give a
correct estimate of the order of the time series, which results in an incorrect estimate
of the regulatory network. Examples of such cases are given in Sections 2.4.2 and 2.5.

To address this shortcoming, here we propose to consider the use of adaptive
thresholding to provide a consistent estimate of the regulatory networks from time
course gene expression data. The main idea for the proposed penalty (which replaces
the decay assumption of S-M) is that a given time point includes true effects in
the VAR model only if the number of edges in the network should exceed a certain
threshold (we formalize this assumption in the following discussion).

Thresholding of lasso estimates has been also considered as a tool to improve the
accuracy of lasso estimates in Wasserman and Roeder (2009); Meinshausen and Yu
(2009). More recently, Zhou (2010) considered iterative thresholding of both lasso
and Dantzig selector estimates for estimation of high dimensional sparse regression
models with random design matrix. The author studied asymptotic properties of the

thresholded estimator and shows that it results in accurate model selection, as well
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as nearly optimal /5 loss.

To obtain consistent estimates of the order d, as well as edges of the regulatory
network, we modify the thresholding framework of Zhou (2010) so that only adja-
cency matrices with significant number of edges are included in the estimate of the
regulatory network. Consider, as before, random variables X!, ... X? from a VAR

model of order d with Gaussian noise, i.e.
X' = AT AT T T~ N(0,0%,) (2.9)

where I, denotes the p X p identity matrix. The adaptively thresholded lasso estimate

of NGC is found through the following three-step procedure:

(i) Obtain the regular lasso estimate of the adjacency matrices of NGC zzlg\n by

solving (2.7) with tuning parameter A\ = A,

(ii) Define ¥' = exp (Ml{”At ,t = 1,...T, and find the thresholded

||o<p26/(T—1)})

estimator by setting:

Here M is a large constant and 7 is the tuning parameter for the thresholding

step.

(iii) Estimate the order of the time series by setting

d= max {t : ||121t|]0 > p?B/(T — 1)}

Before discussing the asymptotic properties of the proposed adaptively thresh-
olded lasso estimator, we compare some features of the new estimator with the trun-
cating lasso estimator of S-M, and discuss the appropriate choice of tuning parameters

A, and 7.
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The proposed adaptively thresholded estimate is found by first obtaining an esti-
mate of the adjacency matrices using regular lasso. Then, in the thresholding step,
simultaneous sparsity and order selection in VAR models is achieved by setting small
values of the estimated adjacency matrix to zero, while controlling for the total num-
ber of nonzero elements of the adjacency matrix. Finally, the index of the last time
point in which a significant number of nonzero elements exist in the estimated adja-
cency matrix is defined as the estimate of the order of VAR model.

As pointed out earlier, the thresholded estimator requires less stringent assump-
tions about the structure of the time series model, and as shown in Theorem II.1, the
consistency of the estimates of the adjacency matrix and the order of the time series
are achieved under the usual sparsity and restricted eigenvalue (RE) assumptions.
In addition, since the thresholded estimator is found by adaptive thresholding of the
regular lasso estimates, the resulting optimization problem is convex. In contrast, al-
though the algorithm for finding the truncating lasso estimate of S-M is shown to be
convergent, the resulting estimate may correspond to a local optimum. On the other
hand, the thresholded estimator requires appropriate values of two tuning parameters
A, and 7, and hence the truncating lasso estimate may be obtained more directly. In
particular, S-M propose the following error-based choice of tuning parameter, which

controls a version of false positive probability:

Ae = 207272 4 (2.11)

2(T—-1)p?

where « is the probability of false positive determined by the user, and Z; denotes
the upper gth quantile of the standard normal distribution. This alleviates the need
for searching over the parameter space for appropriate values of A and provides an
intuitive connection to the original definition of Granger causality between two time

series given earlier.

20



Based on the asymptotic properties of the thresholded lasso estimator, and given

X = /2log (T — 1)p)/n, Zhou (2010) suggests the following choices for tuning
parameters A, and 7:

>\n = 610'/\0
T = €90 Ag

for positive constants ¢; and cy. Considering the fact that, the choice of the thresh-

olding parameter (3 is determined by the acceptable degree of false negative error, for

Ao = v/2log ((T —1)p)/n, and an estimate o, tuning parameters for the proposed
adaptively thresholded estimator amount to appropriate choices of constants ¢; and
c2. A common strategy is to use cross validation (C.V.) over a grid of possible values
of ¢; and co. We refer the interested reader to Zhou (2010) for additional details on
connections between ¢; and ¢, and constants that are defined based on the conditions
of the problem. For selection consistency of the estimate, we require ¢; > 2v/1 + 6
for some constant # > 0 and c; = 4¢;. The quantity € controls the rate at which
the estimator performs consistent variable selection as reflected in Theorem 1. In
Sections 2.4 and 2.5, we provide additional guidelines on practical choices of tuning
parameters for the data examples considered.

We begin the discussion of asymptotic properties by providing additional notations
and statements of the main assumptions.

Denote by X = [X1, X2,... X771 the n x p(T — 1) matrix of “past” observations,

and define:
| Xv|3
v#£0,||lv]lo<m nHl/H%

>0

Amin(m) =

Denote by E' = {(4,) : A}; # 0} the edge set of the adjacency matrix at time lag
t=1,...,dand let E = {(i,7) : 31 <t < d: Aj; # 0} be the set of all edges in the
NGC model.

Let s = max; |pa;| be the maximum number of parents of each node in the NGC
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model, and define

ap = min min |A2|
1<t<d 1<i,j<p,A;;#0 "/

The asymptotic analysis for the thresholded lasso in Zhou (2010) incorporates
the framework of Bickel et al. (2009), based on the restricted eigenvalue condition
RE(X), which states that for some integer 1 < s < (T'— 1)p and a number k, and

for all v # 0 we have

L i [ Xl
K(s,k) = gcviil<s lwselh<klvslli n/2||vye

> 0

In this case, we say that RE(X) holds with K (s, k). Based on these assumptions, we

have the following result on the consistency of network estimation and order selection.

Theorem II.1 (Consistency of Adaptively Thresholded Lasso). In VAR(d) model of
(2.6) with independent Gaussian noise with variance o2, suppose RE(X) holds with
K(s,3), and that \, > 201+ 0Ny for some 0 > 0. Also, assume ag > chp\/5, for
some constant ¢ depending on Awin(2s) and K (s, 3). Finally, assume |E| = ¢ p*(T —
1)t for some 0 < ¢ < 1.

Then for b = 3K?%(s,3)/4 and for any (3 > %, with probability at least 1 —
p(v/mlog(T — 1)p[(T—1)pl®) =, the following hold for the adaptively thresholded lasso

estimator with thresholding parameter [3:

(i) Control of Type-I error: FPR < @—1;)%

(ii) Control of Type-II error: if there exists 6 > 0 such that min e 4o || A*|lo > yp* and
B is chosen such that B < 6/(T —1), then FNR = 0, otherwise, FNR < ﬁ

(i1i) Order selection consistency: under the condition in (ii), d=d

IThis assumption is made for simplicity of representation. The proof can be written in terms of
|E|, without making any explicit assumptions on the number of true edges.
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Proof. The proof here builds on the results in Zhou (2010) (in particular Theorems
1.1 and 3.1), with modifications to account for adaptive thresholding, control of F'PR
and F'N R, and the time series structure. For simplicity, denote by F'P and F'N, the
total number of false positives and false negatives. Also, let P = |E| = ¢ (T — 1)p?
be total number of positives (i.e. total number of edges) and N = (T — 1)p* — |E| =
(T — 1)p? (1 — ¢) denote the number of zeros in the true adjacency matrix.

First, note that from the decomposition of likelihood in Shojaie and Michailidis
(2010b) it follows that the adaptively thresholded estimator is found by solving p
regular lasso regression problems according to (2.7), followed by the thresholding
step according to (2.10).

Next note that, by definition of s and the RE condition, each of the p regressions
satisfies the RE(X) holds with K (s, 3). Therefore, for 5 = 0 results of Zhou (2010)

apply to each individual regression.

Following Zhou (2010) we consider, for each § > 0, the set

1
Toi = {e;f : H—XTEZ»T
n

< Aog.p, Where Ay g, = oV1+ 9)\0}

o0

for which P(75,) > 1 — (y/mlog(T — 1)p((T — 1)p)?)~L. It then follows from Theorem
P
1.1 of Zhou (2010) that for § = 0, on the set Ty = H??M, we have, foralli =1,...p,
i=1
pa; C pa;. This implies that for all t =1,...,d, on the set 7y, we have
E'C Bt

To obtain the upper bound on F'PR, we follow the proof of theorem 3.1 in Zhou
(2010) for each of the p regressions separately. First note that from the results of

Bickel et al. (2009) it follows that on the set Tp,, for @; = vec(ALT — ALT),
”ﬂi,paiHQ S BO)\n\/g and ||ﬁi,paicH1 S Bl/\nS (212)
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where By = 4K?(s,3) and By = 3K?(s, 3). If we threshold the lasso estimate by 4\,

then it readily follows from (2.12) that (see Zhou (2010) for more details) on Ty,

H{}i,paf 1 < Bls

<4 (2.13)

|pAai\pai| <

Hence |pa;\pa;| < Bys/4, for all i = 1,...p, on Ty. This implies F'P < pbs where

b = 3K?(s,3)/4.1t then follows that on Ty for 3 = 0, we have FNR = 0 and

bs

FPR=FP/N < T =0

To complete the proof, it suffices to show that for 5 > (T_p#, FPR does not
increase (or is improved) and FNR < 3/(T—1) . The fact that adaptive thresholding
does not increase F'PR follows immediately from the definition of the estimator, as
the thresholding coefficient for the adaptively thresholded procedure is at least as
large as the procedure of Zhou (2010).

Now suppose Af # 0 for some 1 < ¢t < T — 1. It follows from E C E that

|A[lo > ||Allo and hence, if ||Af]|, < ﬁfi, A" must satisfy the same inequality.

Now, if there exists 6 > 0 such that minar. || A’|lo > vp* and S is chosen such that
B < 6/(T —1), then [|At]|p < § p?, which implies that A* = 0, and hence FNR = 0.
On the other hand, if the condition in (ii) is not satisfied, FN could be at most Sp?,

which implies that

s
FNR < (BpY)/|E| = .
(B°)/1) = g
Finally, to show that d= d, note that when A" # 0, the condition in (ii) guarantees

that A* # 0. On the other hand, if A* = 0, ||A||o/p?* < bf and hence when § >

(T—1)bs

> At = 0, which completes the proof. [ ]

Before investigating the small sample performance of the proposed estimator in

Section 2.4, we offer some remarks regarding asymptotic properties of the estimator.
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1. Consider the asymptotic regime with n — oo, p = O(n®), for some a > 0, and
s = o(p). Assume the constant K(s,3) is uniformly bounded above (see the
remark below on the validity of this assumption). Then theorem 1 says that
with probability tending to 1, FFPR — 0 as long as ( stays away from 1, i.e.,
the network is truly sparse. On the other hand, even if no constant ¢ exists to
satisfy the condition in part (ii) of the Theorem, the lower bound on 3, given by
w, converges to zero, indicating that we can make F'N R arbitrarily small

as long as ( stays away from zero, i.e., the network is not extremely sparse. The

conditions on [ are set to achieve a tradeoff between FF'PR and FFNR.

2. The false positive rate in the above theorem can be improved by considering a
multi-step thresholding procedure where at the second step the estimate of d is
used to restrict the number of time points considered in the estimation. It can
be shown that the numerator of the upper bound of FPR can be improved from
bsto b+/s (refer to Zhou (2010) for more details on the multi-step thresholding).
However, this requires an additional assumption on the number of parents of

each node in the graph, and is hence not pursued here.

3. The RE condition has been shown to hold for many non-trivial classes of Gaus-
sian design matrices (see for example van de Geer and Biihlmann (2009a),
Raskutti et al. (2010)). In particular Raskutti et al. (2010) shows that RE(X)
holds with high probability if the sample size n is sufficiently large (~ O(klogp))
and RE(X'?) holds, where the rows of X ~ N(0,%). Hence it is sufficient to
ensure that A, (%) is bounded away from zero as n,p — oo, which is not
very restrictive since every node of the NGC network is a noisy observation
with i.i.d innovation of variance 2. For the special case of stationary vector
autoregressive processes, in Chapter III we use spectral density representation

of time series to show a stationary VAR(d) process satisfies this condition if the
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spectral matrix operator has continuous eigenvalues and eigenvectors and the

adjacency matrices for t = 1,...T are bounded above in spectral norm.

4. The results in Theorem 1 are non-asymptotic and are derived in the regime
n,p — oo and p > n, without any restrictions on the length of the time series
T. However, it can be seen that if T — oo, then FPR and F'N R converge to 0.
In addition, the increase in T also improves the probability of the events under

study.

2.4 Numerical Studies

In this section, we evaluate the performance of the proposed thresholded lasso
penalty in reconstructing temporal Granger causal effects, and compare it with the
performances of (adaptive) lasso and truncating (adaptive) lasso penalties. To this
end, we first present the estimated adjacency matrices of two small networks with
p = 20 and different sparsity patterns to better understand the properties of the
thresholded lasso penalty. We then evaluate the phase transition behavior of the
competing estimators as the sample size n and the signal to noise ratio (SNR) is
varied. To compare the performances of different estimators, we consider three dif-
ferent criteria: (1) the False Positive Rate (FPR), (2) the True Positive Rate (TPR)
and (3) the F; measure. The F; measure is the harmonic mean of precision(P) and
recall(R) (i.e. F1 =2PR/(P + R)) for the estimated graphs. The value of this sum-
mary measure ranges between 0 and 1, with higher values corresponding to better

estimates.

2.4.1 Illustrative Examples

To illustrate the effect of the proposed estimator, we begin with a simple VAR

model that satisfies the decay assumption of S-M. Here T' = 20, d = 2, p = 20 and
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s ~ min{0.025p*,n}, and every edge has an effect of p = +0.6. We simulate n = 30
independent and identically distributed observations according to the VAR(d) model
in (2.6), with 0 = 0.3. The values of @ and 3 are set to 0.1 each.

To obtain comparable results, we set the tuning parameter A for all estimators to
A = 0.6\, where ), is defined in (2.11). The thresholding parameter 7 in the second
stage of the thresholded lasso penalty is chosen to be 0.7Ac. The results over 50
replications of the above simulation and estimation procedure are presented in Figure
2.1 and Table 2.12.

As expected, the truncating lasso estimator outperforms the lasso and thresholded
lasso estimators, and provides a consistent estimate of the order d. On the other
hand, the thresholded lasso estimator offers additional improvements over its non-
thresholded counterpart.

Next, we consider a more complicated structure, where the decay assumption is
not satisfied. In particular, we construct a network with the same parameters as
before except with d = 3 in such a way that there is no edge in the adjacency matrix
from lag 2 (i.e., A2 = 0). True and estimated adjacency matrices for this simulation
setting are shown in Figure 2.2. The performances of the estimators in terms of TPR,
FPR, and F; are given in Table 2.2.

It can be seen that the truncating lasso penalty incorrectly estimates the order of

VAR as d = 1, resulting in increased false positive and false negative errors. On the

2Here we present the results of simulation for adaptive versions of lasso and truncating lasso
estimators; the behavior of the regular versions of these estimators were similar and were excluded
to save space

Alasso TAlasso Thlasso
TPR | 0.3341 (0.0311) 0.4083 (0.0375)  0.3485 (0.0339)
FPR (x1000) 0.9843 (0.494) 0.8155 (0.4068)  0.4593 (0.2712)
Fy | 0.4725 (0.0405) 0.5534 (0.0433)  0.5024 (0.0405)

Table 2.1: Fy, FPR and TPR for (adaptive) lasso, truncating (adaptive) lasso and
thresholded lasso. Numbers in the table show mean and standard deviations (in
parentheses) over 50 replication.
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Figure 2.1: True and estimated adjacency matrices of graphical Granger model (a)
with T=10, d=2, p=20, n=30, SNR=2.4, the gray-scale images of the estimates
represent the percentage of times an edge has been detected in the 50 iterations.

other hand, the (adaptive) lasso estimate includes many edges in later time lags, while

failing to include some of the edges in the first time lag. This simulation illustrates

the logic and advantages of the proposed thresholded lasso estimator.

2.4.2 Study of Phase Transition Behavior

In this section, we study the phase transition of three performance metrics as the

values of (a) sample size (n) and (b) signal-to-noise ratio (SNR = p/o) is varied for

Alasso TAlasso Thlasso
TPR | 0.3462 (0.0529) 0.3077 (0.0558)  0.6288 (0.0698)
FPR (x1000) | 0.8254 (0.3454)  0.7694 (0.3729)  0.7415 (0.2611)
Fi | 0.4729 (0.0591) 0.4338 (0.0654) 0.7251 (0.0581)

Table 2.2: Fy, FPR and TPR for (adaptive) lasso, truncating (adaptive) lasso and
thresholded lasso. Numbers in the table show mean and standard deviations (in
parentheses) over 50 replication.
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Figure 2.2: True and estimated adjacency matrices of graphical Granger model (b)
with T=10, d=3, p=20, n=30, SNR=2.4, the gray-scale images of the estimates
represent the percentage of times an edge has been detected in the 50 iterations.
different combinations of n, p, p and o. The results showing phase transitions for
sample size are based on p = 100, p = 0.9, ¢ = 0.3, while those for phase transitions
for SNR use p = 150, n = 120,00 = 0.3. Similar results were obtained for other
choices of these parameters.

Figure 2.3 summarizes the phase transition results for sample size n. It can be
seen that the phase transition occurs at a much smaller sample size for thresholded
lasso compared to (adaptive) lasso and truncating (adaptive) lasso. However, the
performances of thresholded lasso and regular lasso are almost similar when n is
almost as large as p. For smaller sample sizes, thresholded lasso slightly affects the
number of false positives, but greatly improves on the false negatives, resulting in a
better F; than regular lasso.

Results of phase transition for SNR presented in Figure 2.4 also indicate that
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Figure 2.3: Phase transition of Fy, FFPR and T'PR with increase in sample size

F1 for p = 150 n = 120 FPR for p = 150 n = 120 TPR for p = 150 n = 120

— lasso 3 JER
- threshold lasso

Alasso -
- Thsso El ’
——- TAlasso ’.'
@ / T T T T T

— lasso
- threshold lasso
Alasso

FPR
I

— lasso
---- threshold lasso
Alasso

Tlasso

- Tlasso
--- TAlasso

--- TAlasso

0e+00 20-04 4e-04 6e-04 Be-04 1e-03

Figure 2.4: Phase transition of Fy, FFPR and T'PR with increase in SNR

phase transition occurs at a smaller SNR for thresholded lasso compared to (adaptive)
lasso and truncating (adaptive) lasso. As in the previous case, the performance of
thresholded lasso and regular lasso become more similar as SNR increases. Also, it
can be seen that for smaller SNR, thresholded lasso slightly affects the number of
false positives while greatly improves the false negatives, which results in significant
gain in the overall performance of the proposed estimator in terms of the F; measure.

Comparison of phase transition behaviors of lasso, truncating lasso and the adap-
tively thresholded lasso procedures indicates that the proposed estimator provides a
better estimate of Granger causal effects over the range of values of n and SNR. In
addition, this advantage becomes more significant in problems with smaller sample

size and/or signal to noise ratio.

30



2.5 Analysis of T-Cell Activation

We illustrate the application of NGC models in reconstructing gene regulatory
networks using the time course gene expression data of Rangel et al. (2004) on T-cell
activation. Activated T-cells are involved in regulation of effector cells (e.g. B-
cells) and play a central role in mediating immune response. The data set comprises
of n = 44 gene expression samples of p = 58 genes involved in activation of T-
cells, measured over 10 time points. In this study, the activity levels of genes are
measured at ¢t = 0,2,4,6,8,18,24,32,48, 72 hours after stimulation of cells using a
T-cell receptor independent activation mechanism. Since changes in regulations often
occur at early stages of activation, and to simplify the analysis from the unbalanced
experiments, we consider only the earliest 5 time points.

Estimated networks of T-cell activation using the adaptive lasso, the truncating
adaptive lasso and the thresholded lasso estimators are shown in Figure 2.5. The
tuning parameters for different estimators are determined as in Section 2.4, where
the value of ¢ is estimated using the standard pooled estimate. Lasso and truncating
lasso estimates provided similar estimates to their adaptive counterparts and consid-
ering the advantages of the adaptive estimators over the regular estimators are not
presented. The networks in Figure 2.5 are obtained by drawing an edge between gene
1 and gene j whenever there is an nonzero element in one of the adjacency matrices
A%,T —d<t<T-1. Comparison of the estimated networks reveals a signifi-
cant overlap between the adaptive lasso and thresholded lasso estimates, whereas the
truncating adaptive lasso estimate seems to give a different estimate. This is high-
lighted by the summary measures in Table 2.3, where the total number of edges in
each network, along with the structural Hamming distance (SHD) between pairs of
two networks, defined as the number of edges different between each two networks,
are given.

The striking difference between the estimated regulatory networks using the trun-
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Figure 2.5: Estimated Gene Regulatory Networks of B-cell activation. Edges indicate
nonzero entries in the estimated adjacency matrix in at least one time lag.

cating lasso estimate raises the question of whether the decay condition necessary
for the performance of the truncating lasso estimator is satisfied. Although the true
regulatory mechanism in this biological system is unknown, the gray-scale images of
the estimated adjacency matrices in Figure 2.6 suggest that in this case the decay
condition may be indeed violated. This example underscores the advantage of our
newly proposed estimator in cases where the conditions required for the truncating

lasso estimate of S-M are not met.

2.6 Discussion

Time course gene expression data provide a valuable source of information for
the study of biological systems. Simultaneous analysis of changes in expressions of

thousands of genes over time reveals important cues to the dynamic behavior of

Alasso TAlasso Thlasso
Alasso (96) - -
TAlasso 99 (101) -
Thlasso 35 102 (79)

Table 2.3: Structural Hamming Distance between different estimates of the T-cell
regulatory network. Diagonal numbers in parentheses show the total number of edges
in each network.
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Figure 2.6: Adjacency Matrices of Estimated B-Cells Networks.

the organism and provides a unique window for discovering regulatory interactions
among genes. A main challenge in applying statistical models for inferring regulatory
networks from time course gene expression data stems from the unknown order of the
time series. Simplified methods that ignore effects of genes from time points farther
in the past may suffer from loss of information, and could fail to include significant
regulatory interactions that are manifested after a long time lag. In contrast, methods
that incorporate all of the past information may suffer from an unnecessary curse of
dimensionality, and could result in inferior inference especially when the sample size
is small.

To overcome this challenge, we proposed a new penalized estimation method for
inferring gene regulatory networks from time series observations, based on adaptive
thresholding of lasso estimates. The proposed estimator builds upon the previously
proposed truncating lasso estimator Shojaie and Michailidis (2010a). Both of these
estimators attempt to simultaneously estimate the order of the VAR model and the

structure of the network, under two different structural assumptions. While the
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truncating lasso estimate is based on the assumption that the effects of genes on each
other decay over time, the newly proposed adaptively thresholded lasso estimator
relies on a less stringent structural assumption that sets a lower bound on the number
of edges in the adjacency matrix of the NGC at each time point (see Section 2.3 for a
formal statement of this assumption). The relaxation of the decay assumption allows
the new estimator to correctly estimate the order of the time series in a broader class
of models. However, while the truncating lasso penalty may fail in situations where
the decay assumption is violated, it offers advantages in favorable settings.

A natural question therefore arises on the choice of the appropriate penalty for
simultaneous estimation of the order of the time series and the structure of the NGC
model. The truncating lasso penalty can be advantageous if its underlying assumption
is satisfied, but its performance degrades markedly if it does not hold. In absence
a formal methodology for determining which of the two assumptions may be more
appropriate, the regular (adaptive) lasso estimate can guide the user: if the estimate
from the (adaptive) lasso clearly supports the decay assumption, then one could apply
the truncating lasso penalty, otherwise, the thresholded lasso penalty provides a more

reliable estimate of the NGC.
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CHAPTER III

Network Granger Causality with Inherent

Grouping Structure

3.1 Introduction

We consider the problem of learning a directed network of interactions among a
number of entities from time course data. A natural framework to analyze this prob-
lem uses the notion of Granger causality (Granger, 1969b). Originally proposed by
C.W. Granger this notion provides a statistical framework for determining whether a
time series X is useful in forecasting another one Y, through a series of statistical tests.
It has found wide applicability in economics, including testing relationships between
money and income (Sims, 1972), government spending and taxes on economic output
(Blanchard and Perotti, 2002), stock price and volume (Hiemstra and Jones, 1994),
etc. More recently the Granger causal framework has found diverse applications in
biological sciences including functional genomics, systems biology and neurosciences
to understand the structure of gene regulation, protein-protein interactions and brain
circuitry, respectively.

It should be noted that the concept of Granger causality is based on associations
between time series, and only under very stringent conditions, true causal relation-

ships can be inferred (Pearl, 2000b). Nonetheless, this framework provides a powerful
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tool for understanding the interactions among random variables based on time course
data.

Network Granger causality (NGC) extends the notion of Granger causality among
two variables to a wider class of p variables. Such extensions involving multiple
time series are handled through the analysis of vector autoregressive processes (VAR)

(Liitkepohl, 2005). Specifically, for p stationary time series X7,..., X}, with X* =

(X1,...,X}), one considers the class of models
Xt=A'X L AlXT (3.1)
where A', A% ... A% are p x p real-valued matrices, d is the unknown order of the

VAR model and the innovation process satisfies € ~ N(0,0%I). In this model, the
time series { X} is said to be Granger causal for the time series {X}} if A}; # 0 for
some h = 1,...,d. Equivalently we can say that there exists an edge X;f’h — X!
in the underlying network model comprising of (d 4+ 1) x p nodes (see Figure 3.1).
We call A', ..., A? the adjacency matrices from lags 1,...,d. Note that the entries
A?j of the adjacency matrices are not binary indicators of presence/absence of edges
between two nodes X! and X;_h . Rather, they represent the direction and strength
of influence from one node to the other.

The temporal structure induces a natural partial order among the nodes of this
network, which in turn simplifies significantly the corresponding estimation problem
(Shojaie and Michailidis, 2010a) of a directed acyclic graph. Nevertheless, one still
has to deal with estimating a high-dimensional network (e.g. hundreds of genes) from
a limited number of samples.

The traditional asymptotic framework of estimating VAR models requires ob-
serving a long, stationary realization {X*',..., XT T — ocop, d fixed} of the p-

dimensional time series. This is not appropriate in many biological applications
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Figure 3.1: An example of a Network Granger causal model with two non-overlapping
groups observed over T = 4 time points

for the following reasons. First, long stationary time series are rarely observed in
these contexts. Second, the number of time series (p) being large compared to T,
the task of consistent order (d) selection using standard criteria (e.g., AIC or BIC)
becomes challenging. Similar issues arise in many econometric applications where
empirical evidence suggests lack of stationarity over a long time horizon, although
the multivariate time series exhibits locally stable distributional properties.

A more suitable framework comes from the study of panel data, where one observes
several replicates of the time series, with possibly short T', across a panel of n subjects.
In biological applications replicates are obtained from test subjects. In the analysis
of macroeconomic variables, households or firms typically serve as replicates. After
removing panel specific fixed effects one treats the replicates as independent samples,
performs regression analysis under the assumption of common slope structure and
studies the asymptotic properties under the regime n — oo. Recent works of Cao
and Sun (2011) and Binder et al. (2005) analyze theoretical properties of short panel

VARSs in the low-dimensional setting (n — oo, T, p fixed).
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The focus of this work is on estimating a high-dimensional NGC model in the
panel data context (p, n large, T small to moderate). This work is motivated by
two application domains, functional genomics and financial econometrics. In the first
application (presented in Section 3.6) one is interested in reconstructing a gene reg-
ulatory network structure from time course data, a canonical problem in functional
genomics (Michailidis, 2012). The second motivating example examines the compo-
sition of balance sheets of the n = 50 largest US banks by size, over T' = 9 quarterly
periods, which provides insight into their risk profile.

The nature of high-dimensionality in these two examples comes from both estima-
tion of p? coefficients for each of the adjacency matrices A!, ..., A%, but also from the
fact that the order of the time series d is often unknown. Thus, in practice, one must
either “guess” the order of the time series (often times, it is assumed that the data is
generated from a VAR(1) model, which can result in significant loss of information),
or include all of the past time points, resulting in significant increase in the number
of variables in cases where d < T'. Thus, efficient estimation of the order of the time
series becomes crucial.

Latent variable based dimension reduction techniques like principal component
analysis or factor models are not very useful in this context since our goal is to
reconstruct a network among the observed variables. To achieve dimension reduction
we impose a group sparsity assumption on the structure of the adjacency matrices
Ay, ..., Ag. In many applications, structural grouping information about the variables
exists. For example, genes can be naturally grouped according to their function or
chromosomal location, stocks according to their industry sectors, assets/liabilities
according to their class, etc. This information can be incorporated to the Granger
causality framework through a group lasso penalty. If the group specification is correct
it enables estimation of denser networks with limited sample sizes (Bach, 2008; Huang

and Zhang, 2010; Lounici et al., 2011). However, the group lasso penalty can achieve
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model selection consistency only at a group level. In other words, if the groups are
misspecified, this procedure can not perform within group variable selection (Huang
et al., 2009), an important feature in many applications.

Over the past few years, several authors have adopted the framework of network
Granger causality to analyze multivariate temporal data. For example, Fujita et al.
(2007b) and Lozano et al. (2009b) employed NGC models coupled with penalized ¢,
regression methods to learn gene regulatory mechanisms from time course microarray
data. Specifically, Lozano et al. (2009b) proposed to group all the past observations,
using a variant of group lasso penalty, in order to construct a relatively simple Granger
network model. This penalty takes into account the average effect of the covariates
over different time lags and connects Granger causality to this average effect being
significant. However, it suffers from significant loss of information and makes the
consistent estimation of the signs of the edges difficult (due to averaging). Shojaie and
Michailidis (2010b) proposed a truncating lasso approach by introducing a truncation
factor in the penalty term, which strongly penalizes the edges from a particular time
lag, if it corresponds to a highly sparse adjacency matrix.

Despite recent use of NGC in applications involving high dimensional data, the-
oretical properties of the resulting estimators have not been fully investigated. For
example, Lozano et al. (2009b) and Shojaie and Michailidis (2010b) discuss asymp-
totic properties of the resulting estimators, but neither address in depth norm con-
sistency properties, nor do they examine under what vector autoregressive structures
the obtained results hold.

In this chapter, we develop a general framework that accommodates different
variants of group lasso penalties for NGC models. It allows for the simultaneous
estimation of the order of the times series and the Granger causal effects; further, it
allows for variable selection even when the groups are misspecified. In summary, the

key contributions of this work are: (i) investigate in depth sufficient conditions that
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explicitly take into consideration the structure of the VAR(d) model to establish norm
consistency, (ii) introduce the novel notion of direction consistency, which generalizes
the concept of sign consistency and provides insight into the properties of group
lasso estimates within a group, and (iii) use the latter notion to introduce an easy
to compute thresholded variant of group lasso, that performs within group variable
selection in addition to group sparsity pattern selection even when the group structure
is misspecified.

All the obtained results are non-asymptotic in nature, which help provide insight
into the properties of the estimates under different asymptotic regimes arising from

varying growth rates of T, p, n, group sizes and the number of groups.

3.2 Model and Framework

Notation. Consider a VAR model

X = AL XU 4+ ATXT e €~ N(Opxr, 0% ) (3.2)
px1 PXp
observed over T time points t = 1,...,T, across n panels. The index set of the
variables N, = {1,2,...,p} can be partitioned into G non-overlapping groups G, i.e.,

N, = U?Zlgg and G, NG, = ¢ if g # ¢'. Also k, = |G,| denotes the size of the g
group with k,q: = 1r§nga§)% k4. In general, we use Ayin and Apax to denote the minimum
and maximum of a finite collection of numbers A\, ..., \,.

For any matrix A, we denote the i’ row by A;, j™ column by A, and the
collection of rows (columns) corresponding to the g'* group by A (Ayqg). The
transpose of a matrix A is denoted by A’ and its Frobenius norm by ||A||r. For a
symmetric/Hermitian matrix ¥, its maximum and minimum eigenvalues are denoted
by Amin(X) and A (X)), respectively. The symbol AY" is used to denote the concate-

nated matrix [A' : - - : A"], for any h > 0. For any matrix or vector D, ||D||o denotes
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the number of non-zero coordinates in D. For notational convenience, we reserve the
symbol ||.|| to denote the £5 norm of a vector and/or the spectral norm of a matrix. For

a pre-defined set of non-overlapping groups Gy, ...,Gg on {1, ..., p}, the mixed norms

of vectors v € RP are defined as [|v]|s1 = 25:1 ]| and [[v]|2,00 = maxi<g<q [|vjg]]-
Also for any vector 3, we use 3; to denote its j™ coordinate and Big to denote the

coordinates corresponding to the g group. We also use supp(v) to denote the sup-

port of v, i.e., supp(v) = {j € {1,...,p}|v; # 0}.

Network Granger causal (NGC) estimates with group sparsity. Consider n
replicates from the NGC model (3.2), and denote the n X p observation matrix at
time ¢ by X*. In econometric applications the data on p economic variables across n
panels (firms, households etc.) can be observed over T' time points. For time course
microarray data one typically observes the expression levels of p genes across n sub-
jects over T time points. After removing the panel specific fixed effects one assumes
the common slope structure and independence across the panels. The data are high-
dimensional if either T or p is large compared to n. In such a scenario, we assume
the existence of an underlying group sparse structure, i.e., for every ¢ = 1,...,p, the
support of the i row of AHT~1 = [A': ... AT7!] in the model (3.2) can be covered
by a small number of groups s;, where s; < (T'— 1)G. Note that the groups can be
misspecified in the sense that the coordinates of a group covering the support need
not be all non-zero. Hence, for a properly specified group structure we shall expect
s; < ||ALT|lo. On the contrary, with many misspecified groups, s; can be of the same
order, or even larger than ||AL7||,.

Learning the true network of Granger causal effects {(,7) € {1,...,p} : A}; #
0 for some t} is equivalent to recovering the correct sparsity pattern in A*(™=1 and
consistently estimating the non-zero effects Afj. In the high-dimensional regression

problems this is achieved by simultaneous regularization and selection operators like
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lasso and group lasso. The group Granger causal estimates of the adjacency matrices

Al ... AT=! are obtained by solving the following optimization problem
T—1
. ZXT Aty +)\ZXP:Zw ALyl (33)
= 2 .
Al AT t=1 i=1 g=1

where X is the n x p observation matrix at time ¢, constructed by stacking n replicates
from the model (3.2), w® is a p x G matrix of suitably chosen weights and \ is a
common regularization parameter. The optimization problem can be separated into

the following p penalized regression problems:

T-1 T-1 G
ATl = argmin xr — X002 + X At 1=1,---,
e S TR S oK ’

(3.4)

The order d of the VAR model is estimated as d =  Jnax 1{75 At +£ 0}.

Different choices of weights w},, lead to different variants of NGC estimates. The

regular NGC estimates correspond to the choices w’? = 1 or \/k,, while for adap-
-1

il > where Al are

tive group NGC estimates the weights are chosen as wj, = HA

obtained from a regular NGC estimation. For At =0, the weight wlﬁg is infinite,

i:[g
which is interpreted as discarding the variables in group ¢ from the optimization
problem.

Thresholded NGC estimates are calculated by a two-stage procedure. The first
stage involves a regular NGC estimation procedure. The second stage uses a bi-
level thresholding strategy on the estimates At First, the estimated groups with ¢,
norm less than a threshold (d,, = cA, ¢ > 0) are set to zero. The second level of
thresholding (within group) is applied if the a priori available grouping information

is not entirely reliable. Aﬁjwithin an estimated group flﬁ:[ ; 18 thresholded to zero if

l[ ] is less than a threshold d,isspec € (0,1). So, for every t =1,...,7 —1,
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if j € G, the thresholded NGC estimates are

At

Z 5misspec 7 [g]

A

The tuning parameters Ay, and d,isspec are chosen via cross-validation. The rationale

> by |

behind this thresholding strategy is discussed in Section 3.4.

3.3 Estimation Consistency of NGC estimates

In this section we establish the norm consistency of regular group NGC estimates.
The regular NGC estimates in (3.3) are obtained by solving p separate group lasso
programs with a common design matrix X, xpr—1) = [X' -+ X771, This design
matrix has p = (T — 1)p columns which can be partitioned into G = (T — 1)G
groups {G1, ..., Ga}. We denote the sample Gram matrix by C' = X’X /n. For the i"
optimization problem, these G = (T —1)G groups are penalized by A(t=1)G4g = A w; 9
1<t<T—-1,1< g <G, with the choice of weights wig described in Section 3.2.
Following Lounici et al. (2011) one can establish a non-asymptotic upper bound on the
(5 estimation error of the NGC estimates A’ under certain restricted eigenvalue (RE)
assumptions. These assumptions are common in the literature of high-dimensional
regression (Lounici et al., 2011; Bickel et al., 2009; van de Geer and Biihlmann, 2009b)
and are known to be sufficient to guarantee consistent estimation of the regression
coefficients even when the design matrix is singular. Of main interest, however, is
to investigate the validity of these assumptions in the context of NGC models. This
issue is addressed in Proposition I11.2.

For L > 0, we say that a Restricted Eigenvalue (RE) assumption RE(s, L) is
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satisfied if there exists a positive number ¢rp = ¢rr(s) > 0 such that

: HXAH
min Z Al Al < LY Al Al ¢ > dre (3.5)
JCNg, |JI<s \/_||A /
A€RP\ {0} 9&7 g&d

The following proposition provides a non-asymptotic upper bound on the /5-
estimation error of the group NGC estimates under RE assumptions. The proof
follows along the lines of Lounici et al. (2011) and is delegated to Appendix 3.8.3.
Proposition II1.1. Consider a reqular NGC' estimation problem (3.4) with Spmax =

p

maxXi<i<pS; and s = Y o, s;. Suppose X in (3.3) is chosen large enough so that for

some a > 0,

Ag \/_ HC[Q] H (\/k—g+ %\/04 log G’) for every g € Ng, (3.6)

Also assume that the common design matriz X = [X1 : -+ : X171 in the p regression

problems (3.4) satisfy RE(28max,3). Then, with probability at least 1 — 2pGr—*,

. 4410 A2
ALT-1 _ Al:T—lH < max 37
H F = ¢0%5(25max) Amin Vs (3.7)

Remark. Consider a high-dimensional asymptotic regime where G =< n? for
some B > 0, kpax/kmin = O(1), s = O(n™) and kpax = O(n®) with 0 < aq, ay <
a1+ ay < 1 so that the total number of non-zero effects is o(n). If {||Clgqll, 9 € Na}
are bounded above (often accomplished by standardizing the data) and ¢%(28max)
is bounded away from zero (see Proposition II1.2 for more details), then the NGC
estimates are norm consistent for any choice of a > 2 + ay/B.

Note that group lasso achieves faster convergence rate (in terms of estimation and
prediction error) than lasso if the groups are appropriately specified. For example, if

all the groups are of equal size k and A\; = A for all g, then group lasso can achieve an

{5 estimation error of order O (\/E(\/E + +/log @)/ﬁ) In contrast, lasso’s error is
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known to be of the order O <\/ |Atdlo log p/ n), which establishes that group lasso
has a lower error bound if s < ||AL%|o. On the other hand, lasso will have a lower

error bound if s < ||AL?||o, i.e., if the groups are highly misspecified.

Validity of RE assumption in Group NGC problems. In view of Theorem
ITI.1, it is important to understand how stringent the RE condition is in the context
of NGC problems. It is also important to find a lower bound on the RE coefficient
orE, as it affects the convergence rate of the NGC estimates. For the panel-VAR
setting, we can rigorously establish that the RE condition holds with overwhelming
probability, as long as n, p grow at the same rate required for />-consistency.

The following proposition achieves this objective in two steps. Note that each row
of the design matrix X (common across the p regressions) is independently distributed
as N(0,%) where ¥ is the variance-covariance matrix of the (7' — 1)p-dimensional
random variable ((X'),... (X771 )/. First, we exploit the spectral representation
of the stationary VAR process to provide a lower bound on the minimum eigenvalue
of X. In the next step, we establish a suitable deviation bound on X — ¥ to prove

that X satisfies RE condition with high probability for sufficiently large n.

Proposition III.2. (a) Suppose the VAR(d) model of (3.2) is stable, stationary.
Let ¥ be the variance-covariance matriz of the (T — 1)p-dimensional random variable

((xhy,..., (XTfl)’)/. Then the minimum eigenvalue of 3 satisfies

-2

2 d =
. 1
Apin(2) > 02 [ max ||.A(ew)||] >0 |1+ Z A > o? [1 + = (Vin + Vour)
oc[—m,m] P 2
where A(z) == I — Alz — A%22 — ... — A4z is the reverse characteristic polynomial

of the VAR(d) process, and Vi, Vou are the mazimum incoming and outgoing effects
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at a node, cumulated across different lags

P d p

d
t t
Vin = E max E |Aijls Vour = E max E | A3l
Pt 1<i<p 1§]§Pi

j=1 t=1 =1

(b) In addition, suppose the replicates from different panels are i.i.d. Then, for any

s > 0, there exist universal positive constants c; such that if the sample size n satisfies

A (%)

max

S S}

(2 + LAmax/Amin)* €08 (kmax + c1 log(eG/2s))

then X satisfies RE(s, L) with ¢% 5 > Auin(X)/2 with probability at least 1—cq exp(—c3 n).

Remark. Proposition II1.2 has two interesting consequences. First, it provides
a lower bound on the RE constant ¢rp which is independent of 7. So if the high
dimensionality in the Granger causal network arises only from the time domain and
not the cross-section (7" — oo, p, G fixed), the stationarity of the VAR process
guarantees that the rate of convergence depends only on the true order (d), and not
T. Second, this result shows that the NGC estmates are consistent even if the node

capacities v;, and v,,; grow with n, p at an appropriate rate.

3.4 Variable Selection Consistency of NGC estimates

In view of (3.4), to study the variable selection properties of NGC estimates it
suffices to analyze the variable selection properties of p generic group lasso estimates
with a common design matrix.

The problem of group sparsity selection has been thoroughly investigated in the
literature (Wei and Huang, 2010; Lounici et al., 2011). The issue of selection and
sign consistency within a group, however, is still unclear. Since group lasso does not
impose sparsity within a group, all the group members are selected together (Huang

et al., 2009) and it is not clear which ones are recovered with correct signs. This
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also leads to inconsistent variable selection if a group is misspecified, i.e., not all the
members within a group has non-zero effect. Several alternate penalized regression
procedures have been proposed to overcome this shortcoming (Breheny and Huang,
2009; Huang et al., 2009). The main idea behind these procedures is to combine /5
and ¢; norms in the penalty to encourage sparsity at both group and variable level.
These estimators involve nonconvex optimization problems and are computationally
expensive. Also their theoretical properties in a high dimensional regime are not well
studied.

We take a different approach to deal with the issue of group misspecification.
Although group lasso penalty does not perform exact variable selection within groups,
it performs regularization and shrinks the individual coefficients. We utilize this
regularization to detect misspecification within a group. To this end, we formulate a
generalized notion of sign consistency, henceforth referred as “direction consistency”,
that provides insight into the properties of group lasso estimates within a single
group. Subsequently, these properties are used to develop a simple, easy to compute,
thresholded variant of group lasso which, in addition to group selection, achieves
variable selection and sign consistency within groups.

We consider a generic group lasso regression problem of the linear model y =
X% + € with p variables partitioned into G non-overlapping groups {G,...,Gg} of
size kg, g = 1,...,G. Without loss of generality, we assume 6[09} #0forge S =

{1,2,...,s} and 5& = 0 for all g ¢ S and consider the following group lasso estimate
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nxq  nX(p—q)

Direction Consistency. For an m-dimensional vector 7 € R™\{0} define its
direction vector D(7) = 7/||7|| , D(0) = 0. In the context of a generic group lasso
regression (3.10), for a group g € S of size kg, D(B[Og]) indicates the direction of in-
fluence of 6[(;} at a group level in the sense that it reflects the relative importance of
the influential members within the group. Note that for k, = 1 the function D(-)

simplifies to the usual sgn(-) function.

Definition.  An estimate B of a generic group lasso problem (3.8) is direction
consistent at a rate ¢, if there exists a sequence of positive real numbers §,, — 0

such that

Now suppose [ is a direction consistent estimator. Consider the set g;‘ ={j €
Gy 18%1/118% 1l > on} Sg can be viewed as a collection of influential group
members within a group G,, which are “detectable” with a sample of size n. Then,

it readily follows from the definition that

P(sgn(ﬁj) = sgn(B;), Vj € S';L,Vg e{l,...,s}) = lasn,p— 0. (3.12)
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The latter observation connects the precision of group lasso estimates to the ac-
curacy of a priori available grouping information. In particular, if the pre-specified
grouping structure is correct, i.e., all the members within a group have non-zero ef-
fect, then for a sufficiently large sample size we have 5’;‘ =G, for all g € S. Hence,
if the group lasso estimate is direction consistent, it will correctly estimate the sign
of all the variables in the support. On the other hand, in case of a misspecified a
priori grouping structure (numerous zero coordinates in f, for g € S), group lasso
will correctly estimate only the signs of the influential group members.

Example. @ We demonstrate the property of direction consistency using a small

example. Consider a linear model with 8 predictors
y:0.5x1—3x2+3x3+x4—2x5+3x8+e, GNN(O,l)

The coefficient vector 4 is partitioned into four groups of size 2, viz., (0.5, —3), (3,1), (=2, 0)
and (0,3). The last two groups are misspecified. We generated n = 25 samples from
this model and ran group lasso regression with the above group structure. Figure
3.2 shows the true coefficient vectors (solid) and their estimates (dashed) from five
iterations of the above exercise. Note that even though the ¢, errors between B[Og]
and B[g] vary largely across the four groups, the distance between their projections on
D(5f)) — D(Bg)

Theorem 3.4.1 shows that under certain irrepresentable conditions (IC) on the design

the unit circle, , are comparatively stable across groups. In fact,

matrix, it is possible to find a uniform (over all g € S) upper bound §,, on the ¢ gap
of these direction vectors. This motivates a natural thresholding strategy to correct
for the misspecification in groups (cf. Proposition 3.4.2). Even though a group ﬁ[og]
is misspecified (i.e., lies on a coordinate axis), direction consistency ensures, with
high probability, that the corresponding coordinate in D(B[g]) will be smaller than a

threshold 9,, which is common across all groups in the support.
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Figure 3.2: Example demonstrating direction consistency

Group Irrepresentable Conditions (IC). Next, we define the IC required
for direction consistency of group lasso estimates. Irrepresentable conditions are
common in the literature of high-dimensional regression problems (Zhao and Yu, 2006;
van de Geer and Biihlmann, 2009b) and are shown to be sufficient (and essentially
necessary) for selection consistency of the lasso estimates. Further these conditions
are known to be satisfied with high probability, if the population analogue of the
Gram matrix belongs to the Toeplitz family (Zhao and Yu, 2006; Wainwright, 2009).
In NGC estimation the population analogue of the Gram matrix ¥ = Var(X5("=1) is
block Toeplitz, so the irrepresentable assumptions are natural candidates for studying

selection consistency of the estimates. Consider the notations of (3.8) and (3.10).

Define K = diag (AT, , AoIp,, - . ., ATk
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Uniform Irrepresentable Condition (IC) is satisfied if there exists 0 < 7 < 1

such that for all 7 € R? with ||7]|2,0 = max [[71gls < 1
1<g<s

/\ig [021(011)_1KT] [g]H <1l-—mn,Vg¢S=A{1,...,s} (3.13)
Note that the definition reverts to the usual IC for lasso when all groups correspond
are singletons.

The IC is more stringent than the RE condition and is rarely met if the underlying
model is not sparse. It can be shown that a slightly weaker version of this condition
is necessary for direction consistency. We refer the readers to Appendix 3.8.4 for
further discussion on the different irrepresentable assumptions and their properties.
Numerical evidence suggests that the group IC tends to be less stringent than the
IC required for the selection consistency of lasso. We illustrate this using three small
simulated examples.

Stmulation 1. We constructed group sparse NGC models with T'=5, p = 21, G =
7,k = 3 and different levels of network densities, where the network edges were
selected at random and scaled so that ||A'|| = 0.1. For each of these models, we
generated 100 samples of size n = 150 and calculated the proportions of times the
two types of irrepresentable conditions were met. The results are displayed in Figure
3.3a.

Simulation 2.  We selected a VAR(1) model from the above class and generated
samples of size n = 20,50,...,250. Figure 3.3b displays the proportions of times
(based on 100 simulations) the two ICs were met.

Simulation 3. We generated n = 200 samples from the VAR(1) model of example 2
for T'=2,3,4,5,10,...,40. Figure 3.3c displays the proportions of times (based on
100 simulations) the two ICs were met.

Selection consistency for generic group lasso estimates. For simplicity, we
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Figure 3.3: Comparison of lasso and group irrepresentable conditions in the context
of group sparse NGC models. (a) group ICs tend to be met for dense networks where
lasso IC fails to meet. (b) For the same network group IC is met with smaller sample
size than required by lasso. (c) For longer time series group IC is satisfied more often
than lasso IC.

discuss the selection consistency properties of a generic group lasso regression problem
with a common tuning parameter across groups, i.e., A; = A for every g € Ng. Similar

results can be obtained for more general choices of the tuning parameters.

Theorem 3.4.1. Assume that the group uniform IC holds with 1 —n for some n > 0.

Then, for any choice of a > 0,

1l o

A > Iglél;(ﬁT H 022 g][g] (\/_+ \/m) and
on 2 I;le%XHBO H ()\\/_H (Cn) 1H+ ” (C)y, [g ] (\/_+ W))

with probability greater than 1 — 4G1~2, there exists a solution B satisfying
1. B[g] =0 forallgé¢ S,

2. HB[Q] _ B[OQ]H <6, |82 | and hence HD(BM) _ D(@@])H <25, forallg € S. If
On < 1, then B[g] #0 forallge S.
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Remark. The tuning parameter A can be chosen of the same order as re-
quired for /5 consistency to achieve selection consistency within groups in the sense

of (3.12). Further, with the above choice of A, §, can be chosen of the order of

O(V$(Vkmax + V1og G)/+/n). Thus, group lasso correctly identifies the group spar-

sity pattern and is direction consistent if \/s(v/knae + V1og G)/+/n — 0, the same

scaling required for ¢y consistency.

Thresholding in Group NGC estimators. As described in Section 3.2,
regular group NGC estimates can be thresholded both at the group and coordinate
levels. The first level of thresholding is motivated by the fact that lasso can select too
many false positives [cf. van de Geer et al. (2011), Zhou (2010) and the references
therein]. The second level of thresholding employs the direction consistency of regular
group NGC estimates to perform within group variable selection with high probability.
The following proposition demonstrates the benefit of these two types of thresholding.
The second result is an immediate corollary of Theorem 3.4.1. Proof of the first result
(thresholding at group level) requires some additional notations and is delegated to

Appendix 3.8.5.

Theorem 3.4.2. Consider a generic group lasso regression problem (3.8) with com-
mon tuning parameter A\, = A.

(i) Assume the RE(s, 3) condition of (3.5) holds with a constant ¢rp and define
B = By san IS = {9 € Na : B # 0}, then |S\S| < 75, with
probability at least 1 — 2G1~<.

(ii) Assume that uniform IC holds with 1 —n for some nn > 0. Choose A and §,, as in
Theorem 3.4.1 and define

B = B {181 /1Bl > 284} for all j € G,
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Figure 3.4: Estimated adjacency matrices of a misspecified NGC model with p =
60, T = 10, n = 60: (a) True, (b) Lasso, (¢) Group Lasso, (d) Thresholded Group
Lasso. The grayscale represents the proportion of times an edge was detected in 100
simulations.

Then sgn(f)) = sgn(B]t-hgm) Vj € N, with probability at least 1—4G*~*, if miI(lBO) 15|
j€supp
20, ‘|/B[(;]|‘ forall j € G, i.e., if the effect of every non-zero member in a group is “vis-

wble” relative to the total effect from the group.

3.5 Performance Evaluation

We evaluate the performances of regular, adaptive and thresholded variants of
the group NGC estimators through an extensive simulation study, and compare the
results to those obtained from lasso estimates. The R package grpreg (Breheny and
Huang, 2009) was used to obtain the group lasso estimates. The settings considered
are:

(a) Balanced groups of equal size: i.i.d samples of size n = 60, 110, 160 are generated

from lag-2 (d = 2) VAR models on T' = 5 time points, comprising of p = 60, 120, 200

o4



nodes partitioned into groups of equal size in the range 3-5.

(b) Unbalanced groups: We retain the same setting as before, however the correspond-
ing node set is partitioned into one larger group of size 10 and many groups of size 5.
(¢c) Misspecified balanced groups: i.i.d samples of size n = 60,110, 160 are generated
from lag-2 (d = 2) VAR models on T' = 10 time points, comprising of p = 60,120
nodes partitioned into groups of size 6. Further, for each group there is a 30% mis-
specification rate, namely that for every parent group of a downstream node, 30% of
the group members do not exert any effect on it.

Using a 19 : 1 sample-splitting, the tuning parameter A\ is chosen from an in-
terval of the form [Cy)\., CoA.], C1,Cy > 0, where A\, = \/W for lasso and
m for group lasso. The thresholding parameters are selected as 04, = 0.7A\0
at the group level and 8,,;5spec = 1% within groups. These parameters are chosen by
conducting a 20-fold cross-validation on independent tuning datasets of same sizes,
using intervals of the form [C3\, C4)] for 6., and {n =2, € [0, 1]} for §,isspec- Finally,
within group thresholding is applied only when the group structure is misspecified.

The following performance metrics were used for comparison purposes: (i) Precision =
TP/(TP+ FP), (ii) Recall = TP/(TP + FN) and (iii) Matthew’s Correlation co-
efficient (MCC) defined as

(TP x TN) — (FP x FN)
(TP + FP) x (TP + FN) x (TN + FP) x (TN + FN))/?

where TP, TN, FP and F'N correspond to true positives, true negatives, false pos-
itives and false negatives in the estimated network, respectively. The average and
standard deviations (over 100 replicates) of the performance metrics are presented
for each setup.

The results for the balanced settings are given in Table 3.1. The Recall for p = 60

shows that even for a network with 60 x (5 — 1) = 240 nodes and |E| = 351 true
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Table 3.1: Performance of different regularization methods in estimating graphical
Granger causality with balanced group sizes and no misspecification; d = 2, T' = 5,
SNR = 1.8. Precision (P), Recall (R), MCC are given in percentages (numbers
in parentheses give standard deviations). ERR LAG gives the error associated with

incorrect estimation of VAR order.

p =60, |[E| =351
Group Size=3

p =120, |E| = 1404
Group Size=3

p = 200, |E| = 3900
Group Size=5

n 160 110 60 160 110 60 160 110 60
P [Lasso | 80(2) 75(2) 66(4) | 69(1) 62(2) 52(2) | 52(1) 47(1) 38(1)
Grp 95(2) 91(4) 83(7) | 91(3) 80(5) 68(7) | 78(4) 72(3) 59(6)
Therp | 96(1) 92(3) 86(6) | 93(3) 83(5) 70(7) | 82(4) 76(3) 64(6)

Agrp | 96(2) 92(4) 83(7) | 92(3) 82(5) 69(7) | 81(3) 74(3) 60(6)

R [Tasso | 71(2) 54(2) 31(2) | 54(1) 40(1) 22(1) | 38(1) 28(1) 15(1)
Grp 99(1) 93(3) 71(7) | 91(2) 81(2) 48(8) | 84(1) 70(2) 41(4)
Therp | 99(1) 93(3) 71(7) | 91(2) 81(2) 48(8) | 84(2) 69(2) 41(3)

Agrp | 99(1) 93(3) 71(7) | 91(2) 81(2) 47(8) | 84(1) 69(2)  40(4)
MCC [Lasso | 75(2) 63(2) 45(3) | 60(1) 49(1) 33(1) | 43(1) 35(1) 23(1)
Grp 97(1)  92(3) 76(5) | 91(1) 80(2) 56(2) | 81(2) 7T0(2) 48(2)
Therp | 98(1) 93(2) 78(5) | 92(1) 81(2) 57(3) | 83(2) 72(2) 50(3)

Agrp | 97(1) 92(3) 76(5) | 91(1) 81(2) 56(3) | 82(2) 71(2) 48(2)

ERR [ Lasso | 105  11.3 139 | 16.63 17.37 16.69 | 19.79 20  18.52
LAG | Grp 319 695 1276 | 4.86 10.77 12.65 | 421 527 7.8
Therp | 2.83  5.87 1001 | 398 9.03 11.19 | 3.06 3.91 568

Agrp | 313  6.89 1259 | 4.63 1037 1234 | 358 487 759

edges, the group NGC estimators recover about 71% of the true edges with a sample
size as low as n = 60, while lasso based NGC estimates recover only 31% of the
true edges. The three group NGC estimates have comparable performances in all
the cases. However thresholded lasso shows slightly higher precision than the other
group NGC variants for smaller sample sizes (e.g., n = 60,p = 200). The results
for p = 60,n = 110 also display that lower precision of lasso is caused partially by
its inability to estimate the order of the VAR model correctly, as measured by ERR
LAG=Number of falsely connected edges from lags beyond the true order of the VAR
model divided by the number of edges in the network (|E]). This finding is nicely
illustrated in Figure 3.4 and Table 3.1. The group penalty encourages edges from the
nodes of the same group to be picked up together. Since the nodes of the same group
are also from the same time lag, the group variants have substantially lower ERR
LAG. For example, average ERR LAG of lasso for p = 200, n = 160 is 19.79% while
the average ERR LAGs for the group lasso variants are in the range 3.06% — 4.21%.

The results for the unbalanced networks are given in Table 3.2. As in the balanced
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Table 3.2: Performance of different regularization methods in estimating graphical
Granger causality with unbalanced group sizes and no misspecification; d = 2, T =
5, SNR = 1.8. Precision (P), Recall (R), MCC are given in percentages (numbers
in parentheses give standard deviations). ERR LAG gives the error associated with
incorrect estimation of VAR order.

p =60, |E| =450 p =120, |E| = 1575 p = 200, |E| = 4150
Groups=1 x 10,11 x5  Groups=1 x 10,23 x 5  Groups=1 x 10,39 X 5
n 160 110 60 160 110 60 160 110 60
P [Tasso | 72(2) 69(3) 62(2) | 51(1) 48(1) 4I(1) | 61(1) 53(1) 42(2)
Grp 84(4)  79(6) 76(9) 55(5) 47(5) 40(6) | 86(3) 77(5)  66(7)
Thgrp | 86(4) 82(7) 78(11) | 60(6) 50(7) 40(5) | 88(2) 79(6) 69(6)
Agrp | 85(3) 81(5) 77(9) | 59(5) 51(5) 42(6) | 88(2) 78(5) 67(6)
R [Lasso | 45(2) 35(2) 22(2) | 43(1) 34(1) 22(1) | 23(1) 15(0)  7(0)
Grp 94(3) 87(5) 61(8) 88(2) 75(5) 48(6) | 73(3) 49(6) 22(5)
Therp | 95(2) 88(4) 62(8) 89(3) 77(4) 50(5) | 73(3) 50(6) 21(5)
Agrp 94(3) 87(5) 61(8) 88(2) 75(5) 48(6) | 73(3) 49(6) 22(5)
MCC [TLasso | 56(2) 48(2) 35(2) | 46(1) 39(1) 29(1) | 36(1) 28(1) 17(1)
Grp 89(3) 82(4) 67(5) 68(3) 58(3) 42(3) | 79(1) 61(3) 37(3)
Thgrp | 90(3) 84(4) 68(6) | 72(4) 61(4) 43(2) | 80(1) 62(3) 37(3)
Agrp 89(3) 83(4) 67(6) 71(3)  60(3) 43(3) | 79(1) 61(3) 37(3)
ERR | Lasso 10.59 10.74 11.76 18.3 18.72 18.76 | 11.54 10.93 9.29
LAG | Grp 7.04 9.85 13.04 12,53 14.71 13.06 4.8 6.41 6.85
Thgrp | 6.58 8.98 11.1 9.6 11.9 10.9 4.06 5.65 5.7
Agrp 6.74 9.19 12.96 10.81 12.78 11.79 4.55 6.2 6.81

group setup, in almost all the simulation settings the group NGC variants outperform
the lasso estimates with respect to all three performance metrics. However the per-
formances of the different variants of group NGC are comparable and tend to have
higher standard deviations than the lasso estimates. Also the average ERR LAGs for
the group NGC variants are substantially lower than the average ERR LAG for lasso
demonstrating the advantage of group penalty. Although the conclusions regarding
the comparisons of lasso and group NGC estimates remain unchanged it is evident
that the performances of all the estimators are affected by the presence of one large
group, skewing the uniform nature of the network. For example the MCC measures of
group NGC estimates in a balanced network with p = 60 and |E| = 351 vary around
97 — 98% which lowers to 89% — 90% when the groups are unbalanced.

The results for misspecified groups are given in Table 3.3. Note that for higher
sample size n, the MCC of lasso and regular group lasso are comparable. However,
the thresholded version of group lasso achieves significantly higher MCC than the

rest. This demonstrates the advantage of using the directional consistency of group
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Table 3.3: Performance of different regularization methods in estimating graphical
Granger causality with misspecified groups (30% misspecification); d = 2, T' = 10,
SNR = 2. Precision (P), Recall (R), MCC are given in percentages (numbers in
parentheses give standard deviations). ERR LAG gives the error associated with
incorrect estimation of VAR order.

p =60, |[E| =246 p =120, |E| = 968
Group Size=6 Group Size=6

n 160 110 60 160 110 60
P | Lasso 88(2) 85(3) 77(5) | 59(1) 55(1) 49(2)
Grp 65(2) 66(2) 66(3) | 43(3) 44(4) 38(4)
Thgrp | 87(3) 88(3) 85(3) | 56(6) 56(6) 51(7)
Agrp 65(2) 66(2) 66(3) | 45(2) 45(4) 39(4)
R | Lasso 80(3) 63(3) 37(2) | 66(1) 54(1) 35(1)
Grp 100(0) 98(2) 82(6) | 87(2) 78(3) 59(4)
Thgrp | 100(0) 98(2) 79(6) | 86(2) 79(3) 57(4)
Agrp 100(0) 98(2) 82(6) | 86(2) 78(3) 58(3)
MCC [TLasso | 84(2) 73(2) 53(3) | 62(1) 54(1) 4i(1)
Grp 81(1) 80(2)  74(4) | 61(2) 58(3) 47(2)
Therp | 93(2) 93(2) 82(4) | 69(4) 66(4) 53(3)
Agrp 81(1)  80(2) 74(4) | 62(2) 59(2) 47(2)

ERR | Lasso 12.63  17.05 2241 | 45.09 49.68 534
LAG | Grp 9.43 8.78 15.12 | 18.22 18.43 29.26
Thgrp 6.45 5.34 8.02 11.81 12.84 15.57
Agrp 9.11 8.78  14.96 | 16.32 16.9  27.69

lasso estimators to perform within group variable selection. We would like to mention
here that a careful choice of the thresholding parameters 04, and d,,isspec Via cross-
validation improves the performance of thresholded group lasso; however, we do not
pursue these methods here as they require grid search over many tuning parameters
or an efficient estimator of the degree of freedom of group lasso.

In summary, the results clearly show that all variants of group lasso NGC outper-
form the lasso-based ones, whenever the grouping structure of the variables is known
and correctly specified. Further, their performance depends on the composition of
group sizes. On the other hand, if the a priori known group structure is moder-
ately misspecified lasso estimates produce comparable results to regular and adaptive
group NGC ones, while thresholded group estimates outperform all other methods,

as expected.
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Table 3.4: Mean and standard deviation of MSE for different NGC estimates

Lasso Grp Agrp Thgrp
mean | 0.649 0.456 0.457 0.456
stdev | 0.340 0.252 0.251 0.252

3.6 Application

Example: T-cell activation. Estimation of gene regulatory networks from
expression data is a fundamental problem in functional genomics (Friedman, 2004).
Time course data coupled with NGC models are informationally rich enough for
the task at hand. The data for this application come from Rangel et al. (2004),
where expression patterns of genes involved in T-cell activation were studied with the
goal of discovering regulatory mechanisms that govern them in response to external
stimuli. Activated T-cells are involved in regulation of effector cells (e.g. B-cells)
and play a central role in mediating immune response. The available data comprising
of n = 44 samples of p = 58 genes, measure the cells response at 10 time points,
t =0,2,4,6,8,18,24,32,48,72 hours after their stimulation with a T-cell receptor
independent activation mechanism. We concentrate on data from the first 5 time
points, that correspond to early response mechanisms in the cells.

Genes are often grouped based on their function and activity patterns into bi-
ological pathways. Thus, the knowledge of gene functions and their membership
in biological pathways can be used as inherent grouping structures in the proposed
group lasso estimates of NGC. Towards this, we used available biological knowledge
to define groups of genes based on their biological function. Reliable information for
biological functions were found from the literature for 38 genes, which were retained
for further analysis. These 38 genes were grouped into 13 groups with the number of
genes in different groups ranging from 1 to 5.

Figure 3.5 shows the estimated networks based on lasso and thresholded group

lasso estimates, where for ease of representation the nodes of the network correspond
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LASSO

API API
Apoptosis Apoptosis
cancer cancer
cell cycle cell cycle
cell differentiation cell differentiation
cyclin cyclin
Jak-Stat signalling pathway Jak-Stat signalling pathway
MAPK MAPK
Neurotrophin signalling pathway Neurotrophin signalling pathway
Osteoclast differentiation Osteoclast differentiation
T—cell receptor signalling pathway T-cell receptor signalling pathway
TCF TCF
Toll-like receptor signaling pathway- Toll-like receptor signaling pathway

THRESHOLDED GROUP LASSO

API API
Apoptosis Apoptosis
cancer cancer
cell cycle cell cycle
cell differentiation cell differentiation
cyclin cyclin
Jak-Stat signalling pathway Jak-Stat signalling pathway
MAPK MAPK
Neurotrophin signalling pathway Neurotrophin signalling pathway
Osteoclast differentiatiory Osteoclast differentiation
T-cell receptor signalling pathway T—cell receptor signalling pathway
TCF TCF
Toll-like receptor signaling pathway Toll-like receptor signaling pathway

Figure 3.5: Estimated Gene Regulatory Networks of T-cell activation. Width of edges
represent the number of effects between two groups, and the network represents the
aggregated regulatory network over 3 time points.

to groups of genes. In this case, estimates from variants of group NGC estimator
were all similar, and included a number of known regulatory mechanisms in T-cell
activation, not present in the regular lasso estimate. For instance, Waterman et al.
(1990) suggest that TCF plays a significant role in activation of T-cells, which may
describe the dominant role of this group of genes in the activation mechanism. On
the other hand, Kim et al. (2005) suggest that activated T-cells exhibit high levels
of osteoclast-associated receptor activity which may attribute the large number of

associations between member of osteoclast differentiation and other groups. Finally,
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Figure 3.6: Estimated Networks of banking balance sheet variables using (a) lasso
and (b) group lasso. The networks represent the aggregated network over 5 time
points.

the estimated networks based on variants of group lasso estimator also offer improved
estimation accuracy in terms of mean squared error (MSE) despite having having
comparable complexities to their regular lasso counterpart (Table 3.4), which further
confirms the findings of other numerical studies in that paper.

Example: Banking balance sheets application. In this application, we ex-
amine the structure of the balance sheets in terms of assets and liabilities of the n = 50
largest (in terms of total balance sheet size) US banking corporations. The data cover

9 quarters (September 2009-September 2011) and were directly obtained from the Fed-

61



Table 3.5: Mean and standard deviation (in parentheses) of PMSE (MSE in case of
Dec 2010) for prediction of banking balance sheet variables.

Quarter Lasso Grp Agrp Thgrp
Dec 2010 | 1.59 (0.29) 0.36 (0.05) 0.36 (0.05) 0.37 (0.05)
Mar 2011 | 1.46 (0.30) 0.47 (0.23) 0.47 (0.23) 0.46 (0.22)
Jun 2011 | 1.33 (0.26) 0.36 (0.11) 0.36 (0.11) 0.35 (0.11)
Sep 2011 | 1.72 (0.32) 0.50 (0.18) 0.50 (0.18) 0.47 (0.16)

eral Deposit Insurance Corporation (FDIC) database (available at www.fdic.gov).
The p = 21 variables correspond to different assets (US and foreign government debt
securities, equities, loans (commercial, mortgages), leases, etc.) and liabilities (domes-
tic and foreign deposits from households and businesses, deposits from the Federal
Reserve Board, deposits of other financial institutions, non-interest bearing liabili-
ties, etc.) We have organized them into four categories: two for the assets (loans
and securities) and two for the liabilities (Balances Due and Deposits, based on a
$250K reporting FDIC threshold). Amongst the 50 banks examined, one discerns
large integrated ones with significant retail, commercial and investment activities
(e.g. Citibank, JP Morgan, Bank of America, Wells Fargo), banks primarily focused
on investment business (e.g. Goldman Sachs, Morgan Stanley, American Express,
E-Trade, Charles Schwab), regional banks (e.g. Banco Popular de Puerto Rico, Com-
erica Bank, Bank of the West).

The raw data are reported in thousands of dollars. The few missing values were
imputed using a nearest neighbor imputation method with & = 5, by clustering
them according to their total assets in the most recent quarter (September 2011)
and subsequently every missing observation for a particular bank was imputed by the
median observation on its five nearest neighbors. The data were log-transformed to
reduce non-stationarity issues. The dataset was restructured as a panel with p = 21
variables and n = 50 replicates observed over 7" = 9 time points. Every column of
replicates was scaled to have unit variance.

We applied the proposed variants of NGC estimates on the first T = 6 time
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points (Sep 2009 - Dec 2010) of the above panel dataset. The parameters A and .,
were chosen using a 19 : 1 sample-splitting method and the misspecification threshold
Omisspec Was set to zero as the grouping structure was reliable. We calculated the MSE
of the fitted model in predicting the outcomes in the four quarters (December 2010
- September 2011). The Predicted MSE (MSE for Dec 2010) are listed in Table 3.5.
The estimated network structures are shown in Figure 3.6.

It can be seen that the lasso estimates recover a very simple temporal structure
amongst the variables; namely, that past values (in this case lag-1) influence present
ones. Given the structure of the balance sheet of large banks, this is an anticipated
result, since it can not be radically altered over a short time period due to business
relationships and past commitments to customers of the bank. However, the (adap-
tive) group lasso estimates reveal a richer and more nuanced structure. Examining
the fitted values of the adjacency matrices AY, we notice that the dominant effects
remain those discovered by the lasso estimates. However, fairly strong effects are
also estimated within each group, but also between the groups of the assets (loans
and securities) on the balance sheet. This suggests rebalancing of the balance sheet
for risk management purposes between relatively low risk securities and potentially
more risky loans. Given the period covered by the data (post financial crisis starting
in September 2009) when credit risk management became of paramount importance,
the analysis picks up interesting patterns. On the other hand, significant fewer asso-
ciations are discovered between the liabilities side of the balance sheet. Finally, there
exist relationships between deposits and securities such as US Treasuries and other
domestic ones (primarily municipal bonds); the latter indicates that an effort on be-
half of the banks to manage the credit risk of their balance sheets, namely allocating
to low risk assets as opposed to more risky loans.

It is also worth noting that the group lasso model exhibits superior predictive

performance over the lasso estimates, even 4 quarters into the future. Finally, in
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this case the thresholded estimates did not provide any additional benefits over the
regular and adaptive variants, given that the specification of the groups was based

on accounting principles and hence correctly structured.

3.7 Discussion

In this chapter, the problem of estimating Network Granger Causal (NGC) models
with inherent grouping structure is studied when replicates are available. Norm, and
both group level and within group variable selection consistency are established under
fairly mild assumptions on the structure of the underlying time series. To achieve the
second objective the novel concept of direction consistency is introduced.

The type of NGC models discussed in this study have wide applicability in different
areas, including genomics and economics. However, in many contexts the availability
of replicates at each time point is not feasible (e.g. in rate of returns for stocks or other
macroeconomic variables), while grouping structure is still present (e.g. grouping of
stocks according to industry sector). Hence, it is of interest to study the behavior of
group lasso estimates in such a setting and address the technical challenges emanating

from such a pure time series (dependent) data structure.

3.8 Technical Results

3.8.1 Auxiliary Lemmas

Lemma 3.8.1 (Characterization of the Group lasso estimate). A vector BeR?isa

solution to the convexr optimization problem

a
1 2
argmin — ||Y — X + A 3.14
gmin - 1Y = X8+ 3yl (3.14)

g=1
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if and only if B satisfies, for some T € RP with Maxi<g<c HT[g] H <1, % [X’(Y — XB) Y =
g

Ag Tlg Vg. Further, 1 = D <B[g]> whenever B[g} #0.

Proof. Follows directly from the KKT conditions for the optimization problem (3.14).
[

Lemma 3.8.2 (Concentration bound for multivariate Gaussian). Let Zgyq ~ N(0,X).

Then, for any t > 0, the following inequalities hold:

2t
B(|Z] ~E|Z]] > t) < 2 exp (‘W)  ENZI < VEVIE]

Proof. The first inequality can be found in Ledoux and Talagrand (1991) (equation

(3.2). To establish the second inequality note that,

E||Z|| < \/E|Z|* = VE [trace (ZZ")] = \/trace (2) < VEV| 2]

]

Lemma 3.8.3. Let 3, f € R™{0}. Let i = § — 3 and r = D(B) — D(B). Then

|7]| < 20 whenever ||u|| < &3]

Proof. 1t follows from ||@| < 05|l that
(=8I < I8l = lall < 181l < llall + 18]l < (1+8)lI8l,
which implies that ‘||6|| - ||B||‘ < 9]|8]|. Now,

IBINBNI = || 1Bl + @ — BN || < |3 (181 = 131) + 131 @ | < 131 1816+9)

since (8]~ 13]] < 61|81 and Jal <3 3]. .
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Lemma 3.8.4. Let Gy, ...,Gg be any partition of {1,...,p} into G non-overlapping
groups and A1, ..., g be positive real numbers. Define the cone sets C(J, L) = {v €
RP 2 30 s Allvgll < LY s Agllvigll} for any subset of groups J C Ng. Also
define the set of group s-sparse vectors D(s) = {v € RP : ||| < 1, supp(v) C
G, for some J C Ng, |J| < s}. Then

U euL)ns' C (24 L)c{conv{D(s)}} (3.15)

JQNGJJ‘SS

where L' = Lmax/Amin, P71 = {v € R? : ||v|| = 1} is the ball of unit norm vectors

in R? and cl{.}, conv{.} respectively denote the closure and convezx hull of a set.

Proof. Note that for any J C Ng, |J| < s, and v € C(J, L) NSP~!, we have

Amax
> gl < L= > v
min gEJ

9¢J

which implies

Iollza < (L' +1) Y llogll < (2 + D/sllog || < (2 + 1)v/s

geJ

Hence the union of the cone sets on the left hand side of (3.15) is a subset of A :=
{veR: o] <1, [[vflzn < (L' + 1)/}

We will show that the set A is a subset of B := (24 L)cl{conv{D(s)}}, the closed
convex hull on the right hand side of (3.15). Since both sets A and B are closed
convex, it is enough to show that the support function of A is dominated by the
support function of B.

The support fucntion of A is given by ¢a(z) = supgea(f, 2). For any z € R?,
let S C {1,...,G} be a subset of top s groups in terms of the £, norm of zy.

Thus, ||2[g]]l200 < ||21g]] for all g € S. This implies ||zs¢]|2,00 < (1/5)]|2197]l21 <
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(1/4/3)||z19)]]- So, we have

da(z) =sup(f,z) < sup (Og), 29)) + sup (Ose), 21s¢)  (3.16)
feA 16 lI<1 10scll2,1 <+/s(L'+1)
< sl + (2 + DVl 25e[l2oe < (L7 4+ 2)llgll - (3.17)

On the other hand, support function of B := (L’ + 2)cl{conv{D(s)}} is given by

¢p(z) =sup(f,2) = (L' +2) max sup (O, zio1) = (L' + 2) ||zl
0B [Ul=s, USNG |j6,[I<1

This concludes the proof. O

Lemma 3.8.5. Consider a matriz X, with rows independently distributed as N (0, ),
Amin(X) > 0. Let Gy,...,Gg be any partition of {1,...,p} into G non-overlapping
groups of size ki, ..., ky, respectively. Let C' = X'X/n denote the sample Gram ma-
triz and D(s) denote the set of group s-sparse vectors defined in Lemma 3.8.4. Then,

for any integer s > 1 and any n > 0, we have

P sup V'(C = )| > 6n]|Z|| < coexp [—nmin{n, n”} + c15(kmax + 2 log (eG/25))]
vecl{conv{D(s)}}
(3.18)

for some universal positive constants c;.

Proof. We consider a fixed vector v € RP with ||v|| < 1, the support of which can be
covered by a set J of at most s groups, i.e., supp(v) C Gy, J C Ng, |J| < s. Define
Y = Xwv. Then each coordinate of Y is independently distributed as N (0, 033)’ where
oy =v'¥v < |||

Then, for any n > 0, Hansen-Wright inequality of Rudelson and Vershynin (2013)
ensures

1
Pl (C =X > B <P |- Y'Y —EY'Y| > 7705 < 2exp [—cnmin{n, n’}]
n
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Next, we extend this deviation bound on all vectors v in the sparse set
D(2s) = {v € R”: |jv]| <1, supp(v) C Gy for some J C Ng, |J| <2s}  (3.19)

For a given J C Ng, |J| = 2s, we define D; = {v € R? : ||v|| < 1,supp(v) C G;}
and note that D(2s) = Ujj=2sD;. For an € > 0 to be specified later, we construct an
e-net A of D;. Since ) ged kg < 25 kpax, it is possible to construct such a net A with
cardinality at most (1 + 2/€)**m=x ( Vershynin, 2009).

We want a tail inequality for M := sup,cp, [v'Av|, where A = C' — X. Since A is
an e-cover of D, for any v € Dy, there exists vy € A such that w = v — vy satisfies

|w|| <e. Then
0" Av| = [(w + vo) A(w + vg)| < |w' Aw| + |vyAvg| + 2|vyAw|
Taking supremum over all v € D, and noting that w/e € D, we obtain
M < €M + max |vpAvg| + sup 2e|u’Av| (3.20)
vo€A u,weD
To upper bound the third term, note that (u 4 v)/2 € D, and

2|u'Av| < [(u+v) Alu + v)| + |u'Au| + |0 Av|

Hence

sup 2elu’Av| < 4eM + eM + eM = 6eM

u,vED 5

From equation (3.20), we now have

M < (1 — 6e — €*)~ max |vpAvg|
voEA
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Choosing € > 0 small enough so that (1 — 6e — €?) > 1/2, we obtain

P | sup [v'Av| > 277||Z||] < P {ma§|v(’)Avo| > nl|X|
vVoE

veD y
< 2(1+2/€)** exp[—cn min{n, n*}]

Taking supremum over < (eG/25)* choices of J, we get
2s

P | sup [v'Av|>29|Z||| < 2exp [—enmin{n, n*} + 2slog(eG/2s) + 25 kax log(1 + 2/€(3.21)
veED(2s)

In order to extend this deviation inequality to cl{conv{D(s)}}, we note that any v
in the convex hull of D(s) can be expressed as v = > " | o,v;, where vy, ..., vy, are in

D(s) and 0 < o; <1, Y a; = 1. Then

!/ - - !/
[v"Av| < Z ZaiaﬂviAvﬂ

i=1 j=1
Also, for every i, j, (v; +v;)/2 € D(2s), and

1
v Av;| < 3 [[(vi + ;) A(v; + vj)| + |vjAv;| + |U§Avjﬂ

Hence

m m 1
sup  |v'Av| < Z Zoziozj 5[4 +141] sup [v'Av|
)}

veconv{D(s R veD(2s
i=1 j=1

Together with the continuity of quadratic forms, this implies

sup [v'Av| <3 sup [v'Av|
vecl{conv{D(s)}} veED(2s)

The result then readily follows from equation (3.21). O
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3.8.2 Proof of Main Results

Proof of Proposition I11.2. (a) Note that ¥ is a p(T'— 1) x p(T' — 1) block Toeplitz
matrix with (¢, 7)™ block (Zij)1<ij<(r—1) := I'(i — j), where T'(€),x, is the auto-
covariance function of lag ¢ for the zero-mean VAR(d) process (3.2), defined as
[(0) = E[XH(Xt*)].

We consider the cross spectral density of the VAR(d) process (3.2)

[e.e]

> T@e ™, 6l (3.22)

{=—00

1

T o

f(0)

From standard results of spectral theory we know that I'(¢) = ffﬂ e £(6)d, for
every /.

We want to find a lower bound on the minimum eigenvalue of X, i.e., inf},; =1 2'Xx.
Consider an arbitrary p(T — 1)-variate unit norm vector z, formed by stacking the
T—1

p-tuples z!,. .., @

For every 6 € [—m, 7] define G(0) = 3./_ " 2 ¢~ and note that

-1 U

S

-1

/ GHO)G(0) o — (2') (27) / =0 g

S

t=1 1

3
Il

-7

!

. (Y (7) (20 Lgory) = 20 3 (@Y (o) = 21 o] = 2n

t

S
_

Il
i

17

Also let u(f) be the minimum eigenvalue of the Hermitian matrix f(6). Following
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Parter (1961) we have the result

T—1T-1 T—1T-1 m

¥y = Z Z( O(t—71)x Z Z /ei(t_T)ef(Q)dQ x"
t=1 7=1 t=1 7=1 .
n/T-1 T-1 n
_ / ( (Y l”) (Z;fe >d9: / G*(0) £(6) G(6) d
g t=1 =1 g
> [uo)(c@cw) w> (im0 Je@aow=2r pin uo
So Apin(X) > 271 eer(riln ),u(Q). Since A(z) = I — Alz — A% — ... — A% is the

(matrix-valued) characteristic polynomial of the VAR(d) model (3.2), we have the

following representation of the spectral density (see eqn (9.4.23), Priestley (1981)):

F(0) = 5o (A(e™) T (A ()

Thus, 2711(0) = 27 Ain (£(0)) = 27/ Apnaa((8) ™) > 02/ [ A(e=)[|°. But [|A(e™)]

IN

1+3°% | || AY| for every 6 € [—7,7]. The result then follows at once from the standard

matrix norm inequality (see e.g. Golub and Van Loan, 1996, Cor 2.3.2)

Al + 1A
4 < VIAT AT, < ey g

where

| A, = max Z | AL, | Ao = max Z | AL

1<5<p

(b) The first part of the proposition ensures that A,,;,(X) > o? [1 + %(Vm + Vout>] -

If the replicates available from different panels are i.i.d, each row of the design matrix
is independently and identically distributed according to a N(0,Y) distribution.
To show that RE(s, L) of (3.5) holds with high probability for sufficiently large
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n, it is enough to show that

1[I Xo|?

min ol > ¢hp (3.23)

v e C(J, L\{0}

J CNg, |J|<s

holds with high probability, where the cone sets C(J, L) are defined as

C(J.L) = v e B : 3" Aglluggll < 23 Ayllogg ) (3.24)
g¢J geJ

for all J C Ng with |J| < s. Denote the ball of unit norm vectors in R? by SP~!. By

scale invariance of ||Xuv||?/n|[v]|?, it is enough to show that with high probability

min V'Cv > ¢hp (3.25)
veSFINe(J, L)

J CNg, |[J]<s

where C' = X’X /n is the sample Gram matrix.

By part (a), we already know that v'3Xv > Ay (X) > 0 for all v € SP7L. So we
only need to show that |v' (C — X)v| < Awin(X)/2 with high probability, uniformly
on the set

U ewrnns! (3.26)

JCNg,|J|<s
The proof relies on two key parts. In the first part, we use an extremal representation
to show that the above union of the cone sets sits within the closed convex hull of a
suitably defined set of group s-sparse vectors. In particular, it follows from Lemma
3.8.4 that
U e L)yns’™ C (L' +2)cl{conv{D(s)}} (3.27)

JCNg, |J|<s

where D(s) = {v € R? : |jv|]| < 1, supp(v) C G, for some J C Ng, |J| < s},
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L' = LAmax/Amin and cl{.}, conv{.} respectively denote the closure and convex hull
of a set.

The next part of the proof is an upper bound on the tail probability of v/(C' —X)v,
uniformly over all v € cl{conv{D(s)}}, presented in Lemma 3.8.5. In particular,

setting n = Apin(2)/12]|2]/(2 + L')? in the above lemma yields

P sup 10 (C = X)v| > Apin(2) /2] < ¢ exp|—cin] (3.28)
vE(24+L')cl{conv{D(s)}}

for the proposed choice of n. Together with the lower bound on A, (X) established

in part (a), this concludes the proof. ]

Proof of Theorem 3.4.1. Consider any solution BR € R? of the restricted regression

1 -
argmin o [[Y — XyA[J, + A3 |1l (3.29)

BERY =1

. . / .
and set 8 = |fy : le(p_q)] . We show that such an augmented vector [ satisfies the
statements of Theorem 3.4.1 with high probability.

Let @ = B(l) - 5?1) = B — 5(01)- In view of lemmas 3.8.1 and 3.8.3, it suffices to

show that the following events happen with probability at least 1 — 4 G*~:

- 0
g || < 8w 5]
1
n
Note that, in view of Lemma 3.8.1, & = (Cy1) ™" (LZ(I) — )\7') for some 7 € R? with

7n

/
|7g|| < 1forallges, and Z = \/%—LX’G = [Zél) : Zfz)] . Thus, for any g € S,

,forall g e S (3.30)

(X' (e = Xy@)] | < A foraig ¢ 8 (3.31)

Pl > ) < (| [ (G0 -or)]

<P (|l Zoly,| > v [su18%] A |l

> anuﬁfg]n)
)

9]
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Note that V = (Ciy) ™ Zay ~ N(0,02(C1y) ™). So Vig ~ N(0,02CH9) where

2l = (S71) )g- Also, by the second statement of lemma 3.8.2 we have E ||Vjy|| <

U\/— H 11[9]

Therefore P (”ug]H > 0,

) is bounded above by

[9][g]
11

P(W%M—EMMM>¢EWW%M—AWQJWMQ—0

(Vs 11 = VNI IS = oy i ICE ) ]

For the proposed choice of 9,,, this expression is bounded above by 2 G™.

< 2exp |—
[ 20 2HC[9] ”

Next, for any g ¢ S, we get

P (51X (- X)), > 2)

<p ([~ ool | > - [ feacit )

Defining W = Z(y — CoCt Zay ~ N(0,0%(Cy — Cy1C'C,)), the uniform irrepre-
sentable condition implies that the above probability is bounded above by P (HW[Q] H > \/ﬁ/\n) .
It can then be seen that Wy, ~ N(O,azé’[g][g]), where C' = Cy — Cy O Cla

denotes the Schur complement of Cy. As before, lemma 3.8.2 establishes that

P (lHW[g]” —E ”W[g}m > \/ﬁ)‘n Y, kQHC_’[QHQ]H>
2 — 2
< 2exp [—m <\/ﬁ>\77 — 04/ k’gHC[g][g]H) ] :

and the last probability is bounded above by 2G™ for the proposed choice of \.

P ([[Wial| > vnAn)

IN

The results in the proposition follow by considering the union bound on the two sets

of the probability statements made across all g € Ng. m
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3.8.3 Proof of results on /;-consistency

We first note that each of the p optimization problems in (3.4) is essentially a
generic group lasso regression on n independent samples from a linear model Y =

XpB%+¢, e~ N(0,0%):

G
5 1
f = argmin —||Y — Xg8|* + Aol B 3.32
i 5 Y = X3+ 331 (3.32)
where Y1 = &, Xop = [T - 0 AT B0, = vec(AZ{:(Tfl)), {1,....,p} =

ulegg, p=(T—1)p, G=(T—-1)G and )\, = Aw; ;. In Proposition IT1.3, we first
establish the upper bounds on estimation error in the context of a generic group lasso
penalized regression problem. The results for regular group NGC then readily follows
by applying the above Proposition on the p separate regressions.

Recall the Restricted Eigenvalue assumption required for the derivation of ¢y es-
timation and prediction error. Following van de Geer and Biihlmann (2009b), we
introduce a slightly weaker notion called Group Compatibility (GC). For a con-

stant L > 0 we say that GC(S, L) condition holds, if there exists a constant

¢compatible = gbcompatible(sy L) > ( such that

1/2
(ZpesX2) x4
min : Z )‘g”A[g]H < LZ >‘9HA[9}” > @eompatible
AcRr\{0} \/ﬁz )‘g”A[g] I 9¢5S ges

geSs

(3.33)
The fact that GC(S, L) holds whenever RE(s, L) is satisfied (and ¢rr < @compatible)
follows at once from Cauchy Schwarz inequality. We shall derive upper bounds on
the prediction and f5; estimation error of group lasso estimates involving the com-
patibility constant. This notion will also be used later to connect the irrepresentable

conditions to the consistency results of group lasso estimators.

Proposition I11.3. Suppose the GC condition (3.33) holds with L = 3. Choose o > 0
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and denote Apin = Milj<g<a Ag. If

vz il (Vi + Zvator6)

for every g € Ng, then, the following statements hold with probability at least 1 —
2G1 o,

S

—HX(B 50)H LZAE (3.34)

compatible g—1

16 Zg L )‘521

18 = Bll21 < (3.35)
¢compat1ble >\mzn
If, in addition, RE(2s, 3) holds, then, with the same probability we get
- 4
15— B VID 2gmr (3.36)

'—asRE( 25) M /5

Proof of Proposition (I111.3). Since B is a solution of the optimization problem (3.32),

for all € RP, we have
1 . ¢ . 1 G
~IY = XBI+ 2D Allgll < —IIY = XBIP+2 3 Al Ay
g=1 =
Plugging in Y = X% + ¢, and simplifying the resulting equation, we get

LIX(B - B < X8 - N7 + ZHXE[g]}}Hﬁ on

G
+2 3" 2 (118l = 13l ) -
g=1

Fix g € Ng and consider the event A, = {6 eR": 2 (X'e)y)

g}. Note that
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Z = L X'e ~ N(O,az(]). So Z[g] ~ N(0,0‘zo[g”g]). Then,

Bl

1
P(45) = F (2] > 3vA)
A
P<|Z[g1—E||Z[ng\> gf—amvli%[g}lly

where the last inequality follows from the second statement of Lemma 3.8.2. Now,

let z, = A"Q‘/ﬁ — 0\/k_g\ / HC[Q][Q}H. Then, for z, > 0, if

IN

2exp (—HL) <2G™%,
7202 || Clq) |

we get

P (AS) <2G™.

But this happens if,

V2, > \/alog Groy/||Clpal

which is ensured by the proposed choice of A,.
Next, define A := ﬂ?zlAg. Then, P(A) > 1 — 2G'™°, and on the event A, we
have, for all g € RP,

1. G .
EHX(ﬂ =B+ A |[Bigl — By
g=1

1
< X (8- )

G
+2 Z Ag <Hﬁ[9] — By
g=1

+ 18l - [ A

).

Note that (HB[Q] — By > vanishes if g ¢ S and is bounded above by

min{2 Hﬁ[g]

+ HB[Q]H - Hg[g]
2 (Hﬁ[gl - 5[91H>} ifges.
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This leads to the following sparsity oracle inequality, for all g € RP,

. 1
Blg — 5@1“ < EIIX(B — 8917

1 G
2 0\ (12
RGO+ 2

+4'" g min { |y
ges

B —Bal}- 37

Y

The sparsity oracle inequality (3.37) with 8 = 8° and A := B — Y leads to the

following two useful bounds on the prediction and /5 ;-estimation errors:

1
XA <4y A [ Ay (3.38)

ges

Z)‘g HA[g}H < 3Z>\9 ||A[g]|| : (3.39)

g¢S geSs

Now, assume the group compatibility condition 3.33 holds. Then,

1 > [ XA 4
— | XAl <4 E Ao [|A < E A2 , 3.40
n ” || - g H ] H - g \/ﬁ gbcompatible ( )

ges geS

which implies the first inequality of proposition III1.3. The second inequality follows

from

A

B—-p

)\min

G
21 Z)\QHA[Q]H §4Z)‘9HA[9}H
, e

ges

I XA 1 16 9
4y N < > A7,
g \/ﬁ (bcompatible o ¢2 g

ges compatible ges

IN

where the last step uses (3.40).
The proof of the last inequality of proposition III.3, i.e., the upper bound on /¢,
estimation error under RE(2s), is the same as in Theorem 3.1 in Lounici et al. (2011)

and is omitted. O

Proof of Proposition II11.1. Applying the fo-estimation error of (3.36) on the i’ group
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lasso regression problem of regular group NGC, we have

4\/E 221;1 )‘3 < 4\/1_0 Amax
%%E(QSZ) /\min\/s_i a ¢%E(23max) >\min

JAZT = AT < 5 Vi

with probability at least 1 — 2G'~®. Combining the bounds for all i = 1,...,p and

noting that s = >"7_ s;, we have the required result. O

3.8.4 Irrepresentable assumptions and consistency

In this subsection, we discuss two results involving the compatibility and irrep-
resentable conditions for group lasso. We first show that a stronger version of the
uniform irrepresentable assumption implies the group compatibility (3.33), and hence,
consistency in ¢, ; norm. Next we argue that a weaker version of the irrepresentable
assumption is indeed necessary for the direction consistency of the group lasso es-
timates. These results generalize analogous properties of lasso (van de Geer and
Biihlmann, 2009b; Zhao and Yu, 2006) to the group penalization framework. The
proofs are given under a special choice of tuning parameter \; = )\\/k_g. Similar re-
sults can be derived for the general choice of A;, although their presentation is more

involved.

Proposition II1.4. Assume uniform irrepresentable condition (3.13) holds with n €
(0,1), and Apmin(C11) > 0. Then group compatibility(S, L) (3.33) condition holds

whenever L < ﬁ

Proof. First note that with the above choice of A\, the Group Compatibility (S, L)

condition simplifies to

_ VAl XA SV vV
min : kgl Al < LZ Kl Aall 0 >0
L RV SRV [FaNP e 98

ges

(bcompatible =

(3.41)
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Also, the uniform irrepresentable condition guarantees that there exists 0 < n < 1

such that V7 € R? with ||7||2,0c = max |74/l < 1, we have,
1<g<s

1

NG

Here K° = K /) is a ¢x¢ block diagonal matrix with s diagonal blocks v/k1 I, xk,5 - - - VVKs Ik, k. -

et K |, <1-n0s s

Define

]
A”i=argmin § 5o XAL: 3 VAl =1 > VEldgl < Ly (342)

ges 9¢S

Note that £[|XA°||3 = @2, .ine/q, and introduce two Lagrange multipliers A and N
corresponding to the equality and inequality constraints for solving the optimization
problem in (3.42). Also, partition A? = [A((]n : A((]Q)] and X = [Xq : X2)] into
signal and nonsignal parts as in (3.10). The first ¢ linear equations of the KKT

conditions imply that there exists 70 € RY such that
CHA(()U + ClgA?Q) = /\KOTO (343)
and, for every g € S,

0 0 : 0
g = D(Ay) if Ay #0

Iyl < 1ifAD; =0

It readily follows that (7° KOAO Z Vgl AL ll2 = 1.
geSs
Multiplying both sides of (3.43) by (Af}))" we get

(AL) " CrnAY) + (L) CrAy = A (3.44)
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Also, (3.43) implies
Ay + (C11) ' CralAlyy = A (Cry) ™ KO7° (3.45)
Multiplying both sides of the equation by (KOTO)T = (TO)T K we obtain
1= (%) K°(Cr) ™" CiaAly + A (K070 (C1y) ™ (KO7°) (3.46)

Note that the absolute value of the first term,

T -1
Z (A?g]) [C2I(Cll> KOTO} 6l (3.47)
g&S
is bounded above by
(L=n) [ D VENAYl: | < (1 —n)L (3.48)
9¢S

by virtue of the uniform irrepresentable condition and the Cauchy-Schwartz inequal-
ity.
Assuming the minimum eigenvalue of Ciy, i.e., Ay, (Ch1), is positive and considering

| K°7%|2 < /g, the second term is at most A q/Amin (Ch1). So (3.46) implies

Aq

1<1-nLl+-—7=-—-—
= " Apin (C11)

(3.49)

In particular, A > A, (C11) (1 = (1 —n)L) /q is positive whenever L < 1/(1 —n).

Next, multiply both sides of (3.45) by (Af))" Car to get
(A%)" Cnuldly) + (Ay) " Cor (Cu) ™" Clun Ay = A (Ay)" Cor (Cu) ™" KO7° (3.50)

Using the upper bound in (3.48), the right hand side is at least —A(1 —n)L.
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Also a simple consequence of the block inversion formula of the non-negative definite
matrix C' guarantees that the matrix Cyy — Coy (C’H)_1 (5 is non-negative definite.

Hence,

(A(()z))T [Can = Ca1 (C11) ™" Cra] Ay >0

T T _
and (A?g)) CQQA?z) 2 (A?2)) 021 (011) ! ClgA?z)
Putting all the pieces together we get

1
zompatible/q = ;HXAOHg
— AT A% 20 T A+ A L, AL
= B Cubag + 200 Cang) T84 Culg
= A+ AL Co Al + Al oA by (3.44)
> A—A(1—=n)L, by (3.50)

= AMl=(1=n)L)
Plugging in the lower bound for A we obtain the result; namely,
zompatible - Amm(cll) (1 - (1 - n)L)z >0

for any L < ﬁ [

In this subsection we investigate the necessity of irrepresentable assumptions for
direction consistency of group lasso estimates. To this end we first introduce the
notion of weak irrepresentability.

For a g-dimensional vector 7 define the stacked direction vector D(7) = [D (7)), . .., D(75)"]'-

——
gx1 k1 x1 ksx1
Weak Irrepresentable Condition is satisfied if
1 .
Sl [enen wDet)] }H <1, Vo gS={1,...s} (3.51)
g g
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We argue the necessity of weak irrepresentable condition for group sparsity selec-
tion and direction consistency under two regularity conditions on the design matrix,
as n, p — oo:
(A1) The minimum eigenvalue of the signal part of the Gram matrix, viz. A, (Ch1),
is bounded away from zero.
(A2) The matrices Cy; and Cy, are bounded above in spectral norm.

As in the last proposition, we set A\j = A \/k_g and K° = K/)\. Suppose that the

weak irrepresentable condition does not hold, i.e., for some g ¢ S and £ > 0, we have,

1

Vg

for infinitely many n. Also suppose that there exists a sequence of positive reals

(O () KD ()| o

>1+¢

0, — 0 such that the event

E, :={|D(By) — D(Big)ll2 < 6n, Yg € S, and B =0V g ¢ S}

satisfies P(E,) — 1 as p, n — o0.
Note that for large enough n so that ¢, < ming || D(8}g)||, we have B[g] #0,VgesS
on the event E,,.

Then, as in the proof of Theorem 3.4.1, we have, on the event F,,,

= (C0)"! [ =2~ AKD () 552
1
and H (X" (€ = Xyi)] MH < MWhy, Vg ¢ S (3.53)

Substituting the value of @ from (3.52) in (3.53), we have, on the event E,,

1

% S /\\/k_ga

[Z(2) - 021(011)_1Z(1) + )\\/5021(011)_1K0D(B(1))]

9]
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which implies that

H [Zi2) — Con (Cn)! Z ) 2

>Aff[

[Car(Cr) ' KD (B

- 1] . (3.54)

9]

Now note that for large enough n, if ||Cy]| is bounded above, direction consistency

g

which in turn is larger than % AV/ny/ky &, in view of the weak irrepresentable condi-

guarantees that the expression on the right is larger than

Lo [

[Can( @) K DB

tion.
This contradicts P(F,) — 1, since the left-hand side of (3.54) corresponds to

the norm of a zero mean Gaussian random variable with bounded variance structure

[Cae — 021(011)_1012][91[9} while A y/n /k, diverges with v/log G.

3.8.5 Thresholding Group Lasso Estimates.

Proof of Theorem 3.4.2. We use the notations developed in the proof of Proposi-
tion II1.3. First note that, (i¢) follows directly from Theorem 3.4.1. For (), since the
falsely selected groups are present after the initial thresholding, we get || /Bfg]H > 4\
for every such group. Next, we obtain an upper bound for the number of such groups.

Specifically, denoting A = B — B°, we get

(& A
‘S\S‘ WS ||21 _ Zggﬂ\ [g]”. (3.55)

Next, note that from the sparsity oracle inequality (3.38), the following holds on
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the event A,

DAl <3> 1Ayl

g&S ges
It readily follows that
48
42 A < 3JJAlJ21 < o SA
9¢S

where the last inequality follows from the ¢ ;-error bound of (3.35). Using this

inequality together with (3.55) gives the result. O
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CHAPTER IV

Regularized Estimation in Sparse

High-dimensional Time Series Models

4.1 Introduction

Recent advances in information technology have made high-dimensional time se-
ries datasets increasingly common in numerous scientific and socio-economic appli-
cations. Examples include structural analysis and forecasting with a large number
of macroeconomic variables (De Mol et al., 2008), reconstruction of gene regulatory
networks from time course microarray data (Michailidis and d’Alché Buc, 2013),
portfolio selection and volatility matrix estimation in finance (Fan et al., 2011) and
studying coactivation networks in human brains using task based or resting state
fMRI data (Smith, 2012). These applications require analyzing a large number of
temporally observed variables using small to moderate sample sizes (number of time
points). Meaningful inference in such situations is often impossible without imposing
some lower dimensional structural assumption on the data generating mechanism.
The most common structural assumption is that of sparsity on the model parame-
ter space. In high-dimensional regression problems, the notion of sparsity is often
incorporated in the estimation procedure by ¢;-regularization (Bickel et al., 2009)

procedures like lasso, while for covariance matrix estimation problems, sparsity is
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enforced via hard thresholding (Bickel and Levina, 2008).

The theoretical properties of such regularized estimates under high-dimensional
scaling has been the topic of numerous studies over the last few years, under the key
assumption that the samples are independent and identically distributed (i.i.d). On
the other hand, theoretical analysis of these estimates in a time series context, where
the data exhibit temporal and cross-sectional dependence, is rather incomplete. A
central challenge in analyzing regularized estimation problems in high-dimensional
time series is to quantify the dependence present in the data and its effect on the ac-
curacy of the estimation procedures. In classical asymptotic analysis, this is typically
achieved by assuming some mixing condition on the underlying stochastic process. Al-
though suitable for studying limiting behavior of the estimates, mixing conditions are
often hard to verify even for standard processes. A more recent approach (Lam and
Souza, 2013; Chen et al., 2013) is to impose some decay assumption on a functional
dependence measure ( Wu, 2005) of the underlying stationary, causal processes. De-
spite the intuitive appeal and nice theoretical properties of this functional dependence
measure, the decay assumptions often lead to restrictions on the model parameters.
Hence, the objective of this study is to examine regularized estimation problems in
high-dimensional stationary time series models under sparsity constraints.

Towards this goal, we adopt a novel, non-asymptotic approach to deal with de-
pendence in high-dimensional time series. Our approach is based on stability, a
key notion in classical time series analysis and systems theory. For a covariance-
stationary process, we introduce a measure of stability using the extreme eigenvalues
of its spectral density and show that this measure can be used to capture the effect
of dependence on the accuracy of regularized estimates. In particular, we derive non-
asymptotic error bounds in three important and widely applicable estimation prob-
lems - (a) stochastic regression with serially correlated errors, (b) transition matrix

estimation in large vector autoregressive (VAR) models, (c) large covariance matrix
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estimation from temporally observed data. In all three problems, we establish that
the effect of dependence is minimal as long as the underlying processes are stable.
The estimates enjoy nearly the same convergence rates as in the i.i.d. case, with an
additional “price” which depends on the stability measure of the process and cap-
tures the effect of dependence. Next, we outline the three problems addressed and
summarize the contributions of this work.

Stochastic Regression. We start with the problem of stochastic regression with
serially correlated errors - a canonical problem in time series analysis (Hamilton,

1994). A linear regression model of the form

Y= (B XN+ t=1,...,n (4.1)

is considered, where the p-dimensional (n < p) predictors { X'} and the errors {€'} are
generated according to independent, centered, Gaussian stationary processes. Under

a sparsity assumption on £*, we study the properties of the lasso estimate

. 1
B = argmin —||Y — XB|> + M. ||18]l1 (4.2)

BERP n
where Y = [y" : ...t ¢!, & = [X" ... X and ||B]0 = 3°_, |6j]. Theoretical

properties of lasso have been studied for fixed design regression Y = X'* + E, with
E = [e" : ... : €', by several authors (Bickel et al., 2009; Loh and Wainwright,
2012; Negahban et al., 2012). All the aforementioned papers established consistency
of lasso in high-dimensional regime under some form of restricted eigenvalue (RE) or
restricted strong convexity (RSC) assumption on S = X’X /n and suitable deviation
conditions on X'E/N. For a fixed design matrix, verifying RE-type conditions is NP-
hard (Dobriban and Fan, 2013). For random design regression, these assumptions are
known to hold with high probability, as long as the samples are i.i.d. (Raskutti et al.,

2010; Rudelson and Zhou, 2013). It is not clear, however, whether these conditions
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are satisfied with high probability when the observations are dependent. For instance,
Loh and Wainwright (2012) and Negahban and Wainwright (2011) have shown that
RE/RSC and deviation conditions are satisfied with high probability if the predictors
{X"} are generated according to a Gaussian VAR(1) process X! = A; X'~! + ¢ with
|A1]] < 1, where ||.|| denotes the operator norm of a matrix. In Figure 4.1 and
Lemma 4.8.4, we show that the condition ||A;|| < 1 is very restrictive and fails to
hold beyond a limited subclass of stable VAR(1) processes. More importantly, this
condition is violated by all VAR(d) models, whenever d > 1, as shown in Figure 4.1.
A major contribution of this work is to establish the validity of RE and deviation
conditions for a large class of stationary Gaussian processes {X'} and {€'}, even
when the errors are serially correlated. The results crucially rely on the proposed
measure of stability and use a blend of ideas from spectral theory of multivariate time
series, convex geometry and non-asymptotic random matrix theory. An important
consequence of these results is to ensure that consistent estimation with lasso is
possible in high-dimensional stochastic regression in the presence of serially correlated
errors, as long as the underlying processes are stable.

Vector Autoregression. Next, we address the problem of transition matrix es-
timation in high-dimensional sparse vector autoregressive models (VAR). Vector Au-
toregression (VAR) represents a popular class of time series models in applied macroe-
conomics and finance, widely used for structural analysis and simultaneous forecasting
of a number of temporally observed variables (Sims, 1980; Bernanke et al., 2005a;
Stock and Watson, 2005). Unlike structural models, VAR provides a broad frame-
work for capturing complex temporal and cross-sectional interrelationship among the
time series (Baribura et al., 2010). In addition to economics, VAR models have been
instrumental in linear system identification problems in control theory (Kumar and
Varaiya, 1986), while more recently, they have become standard tools in functional

genomics for reconstruction of regulatory networks (Lozano et al., 2009b; Shojaie and
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Xt—Z Xl—l XI
X2 Xt X,
(a) VAR(1) model with p =2 (b) VAR(2) model with p =1
B

(a, B): {X} stable—

P

(c) Stability and || A1]| < 1 (d) Stability and [|A;| < 1

Figure 4.1: In the left panel, we consider a VAR(1) model with p = 2, X! = A; X1 +
¢', where A; = [ 0; 8 o). The unbounded set (dotted) denotes the values of («a, 3) for
which the process is stable. The bounded region (solid) represents the VAR models
that satisfy ||A;|| < 1. In the right panel, we consider a VAR(2) model with p = 1,
Xt = 2aX"! — a?X72 + €. Equivalent formulation of this model as VAR(1) is:
Yi= A Y 4+ & where Y = [X!, X" A = [2a —a?;1 0], and & = [¢/,0]'. The
model is stable whenever |a| < 1 but |4, | is always greater than or equal to 1.

Michailidis, 2010b; Fugjita et al., 2007b) and in neuroscience for understanding effec-
tive connectivity patterns between brain regions (Smith, 2012; Friston, 2009; Seth
et al., 2013).

Formally, for a p-dimensional vector-valued stationary time series { X'} = {(X{,..., X))},
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a VAR model of lag d (VAR(d)) with serially uncorrelated Gaussian errors takes the

form
X=X AT e R N0, S (4.3)
where A;,..., Ay are p X p matrices and €' is a p-dimensional vector of possibly

correlated innovation shocks. The main objective in VAR models is to estimate
the transition matrices A, ..., Ay, together with the order of the model d, based
on realizations {X% X' ... X7}. The structures of the transition matrices provide
insight into the complex temporal relationships amongst the p time series and lead
to efficient forecasting strategies.

VAR estimation is a natural high-dimensional problem because the dimensionality
of the parameter space (dp?) grows quadratically with p. For example, estimating a
VAR(10) model with p = 10 time series requires estimating dp®* = 1000 parameters.
However, a comparable number of stationary observations are rarely available in prac-
tice. In the low dimensional setting, VAR estimation is carried out by reformulating it
as a multivariate regression problem (Litkepohl, 2005). Under high-dimensional scal-
ing and sparsity assumptions on the transition matrices, a natural strategy is to resort
to ¢1-penalized least squares or log-likelihood based methods (Song and Bickel, 2011;
Davis et al., 2012). Compared to stochastic regression, the analysis of large VAR
problems requires addressing two important issues. First, since the response variable
is multivariate, the choice of the loss function (least squares, negative log-likelihood)
plays an important role in forecasting problems, especially when the error process
has correlated components. Second, correlation of the error process with the process
of predictors Cov(X'™!, €71) £ 0 makes the theoretical analysis more involved. Ex-
isting work on high-dimensional VAR models requires stringent assumptions on the
dependence structure (Song and Bickel, 2011), or on the transition matrix (Negahban
and Wainwright, 2011), which are violated by many stable VAR models, as discussed

above. Our results show that consistent estimation is possible with both /;-penalized
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least squares and log-likelihood based estimates under high-dimensional scaling for
any stable VAR models. As in the case of stochastic regression, we establish the
validity of suitable restricted eigenvalue and deviation conditions using the stability
measures introduced in our work. The results rely on some novel techniques involving
the spectral properties of the predictor and the error process to handle the intricate
dependence structure (see Proposition IV.10).

Covariance Estimation. The third problem considered is that of sparse co-
variance matrix estimation by thresholding, originally proposed by Bickel and Levina
(2008) and studied further by Cai and Liu (2011); Cai and Zhou (2012b,a). High-
dimensional covariance estimation is useful in finance for analyzing large volatility ma-
trices (Fan et al., 2011), in neuroscience for studying functional connectivity amongst
different regions of human brain (Smith, 2012). The theoretical works mentioned
above assume that the samples are independent. In recent work, Chen et al. (2013)
developed an asymptotic theory in the time series context under a suitable decay
assumption on the functional dependence measure of the stationary, causal process.
Our results do not require specific decay assumptions on the temporal dependence
and are applicable to non-causal processes. We assume that the data {X'}, for
t =1,...,n, were generated according to a stationary Gaussian process with sparse
covariance matrix I'y(0) = E [(X')(X')]. Under the stability assumption, we estab-
lish consistency of a thresholded estimate under operator and Frobenius norms. The
convergence rates are the same as those obtained for independent samples ( Bickel and
Levina, 2008), modulo a “price” of dependence expressed by its measure of stability.

The rest of the chapter is organized as follows. In Section 4.2 we introduce the
measure of stability, discuss its properties for stable, invertible ARMA systems and
present some deviation inequalities, used in the subsequent analyses. In Section 4.3
we derive non-asymptotic upper bounds on the estimation and prediction error of

lasso in stochastic regression with serially correlated errors. Section 4.4 is devoted to

92



the modeling, estimation and theoretical analysis of sparse VAR models. We discuss
least squares and likelihood based regularized estimation of VAR models and their
consistency properties. In Section 4.6 we study the problem of covariance estimation
from time series data by adaptive thresholding. We defer the technical proofs to
Section 4.8.

Notations. Throughout this chapter, Z, R and C will denote the sets of integers,
real numbers and complex numbers, respectively. We denote the cardinality of a set J
by |J|. For a vector v € RP, we denote ¢, norms by ||v||, := <Z§.’:1 |"Uj]q> 1/q, for ¢ > 0.
We use [|v]|op to denote |supp(v)| = ¢ 1fv; # 0] and ||v]|o to denote max; |v;].
Unless mentioned otherwise, we always use ||.|| to denote f3-norm of a vector v. For a
matrix A, [|A]| and ||A|| will denote its operator norm \/Apay(A’A) and Frobenius
norm +/tr(A’A), respectively. We will also use ||A|max, [|A|l1 and ||A]|~ to denote
the coordinate-wise maximum (in absolute value), maximum absolute row sum and
maximum absolute column sum of a matrix, respectively. Forany p > 1, ¢ > 0, r > 0,
we denote the unit balls by B,(r) := {v € R? : ||v|, < r}. Forany J C {1,...,p}

and x > 0, we define the cone set C(S,k) = {v € R? : |lvuge

1 < k|lvs|l1} and the
sparse set K(s) = Bo(s) N By(1), for any s > 1. For any set V', we denote its closure
and convex hull by c¢l{V} and conv{V'}. For a symmetric or Hermitian matrix A,
we denote its maximum and minimum eigenvalues by Apin(A) and Apax(A). We use
e; to denote the 7" unit vector in R?. Throughout the chapter, we write A = B if

there exists an absolute constant ¢, independent of the model parameters, such that

A >c¢B. We use A < B to denote A~ B and B - A.

4.2 Main Results

In this section, we first discuss the connection between the spectral density and
the autocovariance function and introduce our measure of stability. Then, we present

the key deviation inequalities used in subsequent analyses.
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4.2.1 Measure of Stability

Consider a p-dimensional discrete time, centered, covariance-stationary process

{X'},ez with autocovariance function I'x(h) = Cov(X!, X**") t h € Z.
Assumption IV.1. The spectral density function

Fe(0) = % P (0)e . 6 [~ 7] (4.4)

f=—o00

exists and is continuous.

We will often write f instead of fx and I instead of I'x, when the underlying
process is clear from the context. Existence of the spectral density is guaranteed if
2o IT(D)]| < oco. The assumption of continuity is satisfied by a large class of general
linear processes, including stable, invertible ARMA processes (Priestley, 1981). Fur-
ther, the spectral density has a closed form expression for these processes, as shown
in the following example.

Example. An ARMA(d, ¢) process { X'}

Xt = AXT A AXTE 4 AXT (4.5)

4e — Bt — Byt — . — Bget_e

is stable, invertible if the matrix valued polynomials A(z) = I, — Zle Az and
B(z) := I, — Yi_, B,2" satisfy det(A(z)) # 0 and det(B(z)) # 0 on the unit circle of
the complex plane {z € C: |z| = 1}.

For a stable, invertible ARMA process, the spectral density takes the form
fx(0) = — (A_l(e_w)) B(e ) L. B*(e™) (A_l(e_w))* (4.6)
Existence of the spectral density ensures the following representation of the auto-
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Figure 4.2: Autocovariance I'(h) and spectral density f(f) of a univariate AR(1)
process X' = pX' 1 + ¢ 0 < p <1, [x(0) = 1. Processes with stronger temporal
dependence, i.e., with larger p, have flatter I' and more spiky f. For p = 1, the
process is unstable and the spectral density does not exist.

covariance matrices:
Ix(0) = / fx(0)e dh, forall ¢ € Z (4.7)

Since the spectral density characterizes the autocovariance function, it can be used
to study the temporal and cross-sectional dependence of the process. In particular,
the spectral density provides insight into the stability of the process. In Figure 4.2,
we illustrate this using the autocovariance function I'x(h) and the spectral density
fx(0) of a univariate AR(1) process X' = p X" 1+ ¢, 0 < p <1, I'x(0) =1. Note
that processes with stronger temporal dependence (larger p) have a narrower spectral
density, with a higher peak. As p approaches 1, the peak of the spectral density
M(fx) := maxge[—rx fx(0) diverges. For p = 1, the process is not stable, and the
spectral density does not exist. This indicates that the peak of the spectral density
can be used as a measure of stability of the process.

More generally, for a p-dimensional time series {X*}, a natural analogue of the

“peak” is the maximum eigenvalue of the (matrix-valued) spectral density function
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over the unit circle:

M(fx) = max Apax (fx(0)) (4.8)

€[]
In our analysis of high-dimensional time series, we will use M(fx) as a measure of
stability of the process. Processes with larger M( fx) will be considered less stable.
For any k-dimensional subset J of {1, ..., p}, we can similarly measure the stability
of the subprocess {X(J)} = {(X}) : j € J}ez as M(fx(s)). We will measure the

stability of all k-dimensional subprocesses of { X"} using

M(fx, k) = max M(fX(J)) (49)

JC{1,.oep} || <k

Clearly, M(fx) = M(fx,p). For completeness, we define M(fx,k) to be M(fx),

for all k£ > p. It follows from the definitions that

M(fx,1) < M(fx,2) <... < M(fx,p) = M(fx) (4.10)

If {X'} and {Y"'} are independent p-dimensional time series satisfying assumption

IV.1 and Z' = X' +Y?, then f; = fx + fy. Consequently, we have

M(fz) < M(fx)+ M(fy) (4.11)

For studying stochastic regression and autoregression problems, we will also use the

minimum eigenvalue of the spectral density over the unit circle:

m(fx) = min Apm (fx(0)) (4.12)

oe[—m,x]

m(fx) captures the dependence among the components of the vector-valued time
series. In our analysis of high-dimensional regression problems, m(fx) plays a crucial

role in quantifying dependence among the columns of the design matrix.
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The quantities m(fx) and M(fx) are well-defined because of the continuity of
eigenvalues and the compactness of the unit circle {z € C: |z] = 1}.

m(fy) and M(fx) may not have closed form expressions for general stationary
processes. However, for a stationary ARMA process (4.5), we have the following

bounds

1 Amax(ze>ﬂmax (B)
- 27T Mmin (.A)

1 Amin (Ee)ﬂmin (B>
T2 imax(A)

(4.13)

m(fx) = M(fx) <

where

fmin (A) := min Apin (A" (2)A(2)), fmax(A) := max Apax (A% (2).A(2)) (4.14)

|z[=1 |21=1

and fimin(B), fmax(B) are defined accordingly.
It is often easier to work with fimin(A) and pimax(A) instead of m(fx) and M(fx).

In particular, we have the following bounds:

Proposition IV.2. Consider a polynomial A(z) = I, — Zle A2t z € C, satisfying
det(A(z)) # 0 for all |z] < 1.

(i) For any d > 1, pmax(A) < [1+ (Vin + Vou)/2]%, where
d
Z;g%ZIAh i,7)|, vout—zlgl%)zmh i,7)|
(i7) If d =1 and A is diagonalizable, then

pmin(A) = (1= p(Ar)* | P72 P72

where p(Ay) is the spectral radius (mazimum absolute eigenvalue) of Ay and the

columns of P are eigenvectors of Ay.
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Proposition IV.2, together with (4.13), shows that m(fx) and M(fx) are bounded
away from zero and infinity as long as the noise covariance structure is well-conditioned,
the eigenvalues of A; are bounded away from 1 and the entries of A; and B; do not

concentrate on a single row or column.

4.2.2 Deviation Bounds

Based on realizations {X'}?_, generated according to a stationary process sat-
isfying assumption (IV.1), we construct the data matrix X = [X":---: X"'] and
the sample Gram matrix S = X’X/n. Deriving suitable concentration bounds on
S is a key step for studying regression and covariance estimation problems in high-
dimension. In the time series context, this is particularly challenging, since both
the rows and columns of the data matrix X are dependent on each other. When
the underlying process is Gaussian, this dependence can be expressed using the co-
variance matrix of the random vector vec(X’). We denote this covariance matrix by
TX = Cov(vec(X'), vec(X'))npsnp-

The next proposition provides bounds on the extreme eigenvalues of TX. A similar
result under slightly different conditions can be found in Parter (1961). Note that
these bounds depend only on the spectral density fx and are independent of the

sample size n.

Proposition IV.3. For anyn > 1, p > 1,

27m(fx) < Amin (TX) < A (TX) < 20 M () (4.15)

In particular, forn =1,

2mm(fyx) < Apin (Cx(0)) < Apax (Fx(0)) < 20 M(fx) (4.16)

In the next proposition, we establish two important deviation bounds on S —T'(0)

98



for Gaussian time series. These bounds serve as the starting point for analyzing
regression and covariance estimation problems. The first deviation bound is about
the concentration of ||Xv]|?/n||v]|? around its expectation, where v € RP is a fixed
vector. This will be used to verify restricted eigenvalue assumptions for stochastic
regression and VAR estimation problems. The second deviation bound is about the

concentration of the entries of S around their expectations. This will be useful for

estimating sparse covariance matrices.

Proposition IV.4. For a stationary, centered Gaussian time series { X' }iez satisfy-
ing Assumption IV.1, there exists a constant ¢ > 0 such that for any k-sparse vectors

u,v € RP with ||ul| <1, ||lv|| <1, k> 1, and any n > 0,

Pl (S —Tx(0))v] > 2aM(fx,k)n] < 2exp [—enmin{n® n}]  (4.17)

P[lv' (S —Tx(0))v| > 6mM(fx,2k)n] < 6exp [—cnmin{n®,n}] (4.18)
In particular, for any i,j € {1,...,p}, we have
P[|Si; — Ti;(0)] > 6mM(fx,2)n] < 6exp [—cnmin{n®, n}] (4.19)

We give the proofs of the these two key propositions next, that employ techniques
in spectral theory of multivariate time series and non-asymptotic random matrix

theory results.

PROOF OF PROPOSITION IV.3. For 1 < r,s <n, the (r, s)" block of the np x np

matrix TX is a p X p matrix
Tx(r—s) = Cov (X", X"

For any x € R™_ ||z|| = 1, write z as x = {(2')’, (z?)/, ..., (zP)'}’, where each z* € RP.
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Define G(0) = > e~ for 6 € [—, n]. Note that

T

/G*(@)G(e)de - ZZ/ =)0 4o (4.20)

r=1 s=1"

= Z 2" ||? 27 = 27
r=1

—T

Also

Y = ZZ YT x(r —s)(z®)

r=1 s=1

= ZZ/ ) fx (0)e'" (%) df using (4.7)

r=1 s=1"

™

- / G~ (0) x (6)C(0) db

Since fy(0) is Hermitian, G*(0) fx (0)G(0) is real, for all § € [—, x], and
m(fx)G"(0)G(0) < G*(0) fx(0)G(0) < M(fx)G*(0)G(0)
This, together with (4.20), implies
2mm(fx) < 2'Tyx < 2mM(fx)

for all z € R, ||z|| = 1. O

PROOF OF PROPOSITION 1V.4. We will establish the deviation bounds using a
version of the Hansen-Wright inequality presented in Lemma 4.8.5 which says that

for any n-dimensional centered Gaussian vector Y ~ N(0,Q), and any n > 0, we
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have

P\ (IVIP ~ tr(Q)] > nlQl| < 2exp [~enmin{n, 7))

for some constant ¢ > 0.
First, note that it is enough to prove (4.17) for ||v|| = 1. For any v € R?, ||v|| = 1,
let J denote its support supp(v) so that |J| = k. define Y = Xv = X v;. Then

Y ~ N(Onxla Qan) with
Qrs = V;Cov( X} XI5y, = Vilxn(r —s)vy, foralll<r,s<n

Then ¢r(Q) = nv,T x(5)(0)vy = v'I'x(0)v and v'(S—T(0))v = L [||[Y||* — tr(Q)|. Also,

for any w € R", ||w|| = 1, we have

wQuw = Z Z Wy W Qs = Z ZwTwsUfer(J) (r —s)vy

r=1 s=1 r=1 s=1

= (wev)Ty(wev)

IN

Anax (Tf(J)) , since |lw®v| =1

IN

20 M(fx ) < 20 M(fx, k)

This establishes an upper bound on the operator norm ||Q| < 27M(fx,k). The
result then follows from Hansen-Wright inequality.

To prove (4.18), note that

20’ (S =Tx(0)v] < [u'(S =Tx(0))ul + [v'(S = Tx(0))v|

+ J(u+v)(S—Tx(0)(u+v)

and u + v is 2k-sparse with |lu + v|| < 2. The result follows by applying (4.17)

separately on each of the three terms on the right.
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The element-wise deviation bound (4.19) is obtained by choosing u = e;, v = e;.

]

4.3 Stochastic Regression

Stochastic regression with exogenous predictors and serially correlated errors is a
canonical problem in classical time series analysis. As is well known, the standard
errors of Ordinary Least Squares (OLS) estimates are affected in the presence of
serially correlated errors, so that one resorts to employing Generalized Least Squares
(GLS) estimates. However, the first step in GLS estimation with unknown error
covariance is to come up with consistent estimates of the regression coefficient vector
£*, which are subsequently used to analyze the serial correlation in the residuals
(Hamilton, 1994). In a low-dimensional setting (p fixed, n — 00), a natural choice of
3 is the OLS estimates. In high-dimensional setting under sparsity assumption on 3%,
we establish that lasso based estimates are consistent for *, as long as the predictor
and noise processes are stable.

We consider the lasso estimate (4.2) for the stochastic regression model (4.1).
Further, we assume that both fx and f. satisfy Assumption IV.1 and 8* is k-sparse,
with support J, i.e., |J| = k.

In the low-dimensional regime, consistent estimation relies on the following as-

sumptions:

(a) X'X /n converges to a non-singular matrix (lim, s Ampin (XITX) > 0)

(b) X’E/n converges to zero

In the high-dimensional regime (n < p), the first assumption is never true since
the design matrix is rank-deficient (more variables than observations). The second

assumption is also very stringent, since the dimension of X’E grows with n and p.
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Interestingly, consistent estimation in the high-dimensional regime can be ensured
under two analogous sufficient conditions. The first one comes from a class of con-
ditions commonly referred to as Restricted Eigenvalue (RE) condition. Different
variants of the RE condition have been proposed in the literature (Bickel et al., 2009;
van de Geer and Bihlmann, 2009b). Roughly speaking these assumptions require
that || X'(3 — 5*)|| is small only when || — 8*|| is small. If 3, 8* are any arbitrary vec-
tors in R?, this assumption is never true since X is singular. However, if §* is sparse
and Ay is appropriately chosen, it is now well-understood that the vectors v = B — p*
only vary on a small subset of the high-dimensional space R? (Negahban et al., 2012).
As shown in the proof of Proposition IV.7, the error vectors v in stochastic regression

lie in a low-dimensional cone

C(J;3) ={v e R”: fluselly < 3vslli}

whenever A\, > 4||X’'E/n||«. This indicates that the RE condition may not be very
stringent after all, even though X" is singular. Note however that verifying that the
assumption indeed holds with high probability is a non-trivial task.

The next proposition shows that a restricted eigenvalue (RE) condition holds with
high probability when the sample size is sufficiently large and the process of predictors

{X"} is stable, with a full-rank spectral density.

Proposition IV.5 (Restricted Eigenvalue). If m(fx) > 0, then there exist constants

¢; > 0 such that for n 7 max{1,w?} min{klog(cop/k), k log p},

| Xvl?
vee(I3\{0} nllv||? ~

agpp| > 1—crexp [—CQn min{l,w‘Q}]

where app = mm(fx), w = csM(fx, 2k)/m(fx).

REMARKS. (a) The assumption m(fy) > 0 is fairly mild and holds for stable,
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invertible ARMA processes. However, the conclusion holds under weaker assumptions
like Apmin(I'x(0)) > 0 or a RE condition on I'x (0), replacing 2rm( fx) by the minimum
(or restricted) eigenvalue of I'x (0).

(b) For large k, klog(cop/k) can be much smaller than klogp, the sample size
required for consistent estimation with lasso.

(¢) The factor w =< M(fx,2k)/m(fx) captures the effect of temporal and cross-
sectional dependence in the data. Larger values of M(.) and smaller values of m(.)
indicate stronger dependence in the data and more samples are required to ensure RE
holds with high probability. We demonstrate this on three special types of dependence
in the design matrix X - independent entries, independent rows and independent

columns.

(i) If the entries of X are independent N (0, 0?), we have I'x(0) = 0?I and I'x(h) =
0 for i # 0. In this case, fx(0) = (1/27) oI and M(fx,2k)/m(fx) = 1.

(ii) If the rows of X are independent and identically distributed as N(0,Xx), i.e.,
I'x(0) =Xx, 'x(h) =0 for h # 0, the spectral density takes the form fx(0) =
(1/2m)Ex, and M(fx,2k)/m(fx) can be at most Apax(Xx)/Amin(Xx)-

(iii) If the columns of X are independent, i.e., all the univariate components of
{X"} are independently generated according to a common stationary process
with spectral density f, then the spectral density of {X*} is fx(0) = f(0) [ and

we have

M(fx20)/m(fx) = max_f(6)/ min f(0)

oe[—m,m]
The ratio on the right can be viewed as a measure of narrowness of f. Since

narrower spectral densities correspond to processes with flatter autocovariance,

it shows that more samples are needed when the dependence is stronger.

The second sufficient condition for consistency of lasso requires that the coordi-

nates of X' F /n uniformly concentrate around 0. In the next proposition, we establish
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a deviation bound on || X' E/n||  that holds with high probability. Similar results were
established in Loh and Wainwright (2012) for VAR(1) process with serially uncorre-
lated errors, under the assumption [|A;|| < 1. Our result relies on different techniques,
holds for a much larger class of stationary processes and allows for serial correlation

in the noise term, as well.

Proposition IV.6 (Deviation Condition). Forn - logp, there exist constants ¢; > 0

such that

P % |X'E o > co2m [M(fx,1) + M(f)] 1/ 10%] < ¢1 exp [—c log p (4.21)

REMARKS. (a) The deviation inequality suggests that the coordinates of X'FE /n
uniformly concentrate around 0, as long as M(fx,1) and M(f.) are not large, i.e.,

the univariate components of the predictor process and the noise process are stable.

Using the above propositions, we can establish error rates of estimation and predic-

tion in stochastic regression with exogenous predictors and serially correlated errors.

Proposition IV.7 (Estimation and Prediction Error). Consider the stochastic re-
gression setup of (4.1). If 8* is k-sparse, n = [M(fx,k)/m(fx))*klogp, then there

exist constants ¢; > 0 such that for
An 2 co2m [M(fx, 1) + M(fe)] /(logp)/n

any solution B3 of (4.2) satisfies, with probability at least 1 — ¢y exp [—co log pl,

. 22V

|3-#| =<

QORE

n . 8\, k
|a-8] =

1 QORE

1 o NIE 4Nk
~xe-8| <

n QRE
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where the restricted eigenvalue app = Tm(fx).
Further, a thresholded variant of lasso 3, defined as Bj = {le|,f3’j|>/\n}7 for 1 <

7 < p, satisfies, with the same probability,

supp(B)\supp(B*)| < — (4.22)

REMARKS. (a) The convergence rates of {5-estimation and prediction /% logp /n
are of the same order as the rates for regression with i.i.d. samples. Dependence
contributes the additional term [M(fx, 1)+ M(f.)]/m(fx) in the error rates and
(M(fx,2k)/m(fx)]? in the sample size requirement. This ensures fast convergence
rates of lasso under high-dimensional scaling as long as the processes of predictors
and noise are stable.

(b) A thresholded version of lasso enjoys small false positive rates, as shown in
(4.22). Note that we do not assume any “beta-min” condition, i.e., a lower bound
on the minimum signal strength. It is possible to control the false negatives under

suitable “beta-min” conditions, as shown in (Zhou, 2010).

4.4 Transition Matrix Estimation in Sparse Vector Autore-

gressive Models

The problem of estimating sparse VAR models under ¢;-penalized regression has
been considered by several authors in recent years (Song and Bickel, 2011; Davis
et al., 2012; Kock and Callot, 2012; Han and Liu, 2013). Most of these studies
consider a least squares based objective function or estimating equation to derive
the estimates. An important aspect of this approach is that it is agnostic to the
presence of cross-correlation among the error components (non-diagonal ¥.). Davis
et al. (2012) provided numerical evidence that the forecasting performance can be

improved by using a log-likelihood based loss function that incorporates knowledge
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about the error correlations. In this section, we consider both least squares and
log-likelihood estimates and study their theoretical properties.

A key contribution of our theoretical analysis is to verify suitable RE and devi-
ation conditions for the entire class of stable VAR(d) models. Existing works either
assume such conditions without verification, or use a stringent condition on the model
parameters, such as ||A|| < 1, as discussed in Section 4.1.

We consider a single realization of {X° X! ... X7} generated according to the
VAR model (4.3). We will assume the error covariance matrix > is positive definite
so that Apin(Ze) > 0 and Apax(Xe) < 0o. We will also assume that the VAR process
is stable, i.e., det(A(z)) # 0 on the unit circle {z € C : |z| = 1}. For stable VAR(d)
processes, the spectral density (4.6) simplifies to

L (47 ) 5 (A (e ) (4.23)

T or

fx(0)

To deal with dependence in the VAR estimation problem, we will work with fimin(A),
Umax(A) and the extreme eigenvalues of ¥, instead of m(fy) and M(fx). For a

VAR(d) process with serially uncorrelated errors, equation (4.13) simplifies to

1T Apmax(Ze) T Apin(2e)
M(fx) < %m, m(fx) > %m (4.24)

This factorization helps provide better insight into the temporal and contempo-
raneous dependence in VAR models. A graphical representation of a stable VAR(d)
model (4.3) is provided in Figure 4.3. The transition matrices Ay, ..., Ay encode
the temporal dependence of the process. When the components of the error pro-
cess {€'} are correlated, 7! captures the additional contemporaneous dependence
structure. Expressing the estimation and prediction errors in terms of jiy(A),
Pmax (A); Amin(3e) and Apax(3e) instead of m(fx) and M( fx) help separate the effect

of the two sources of dependence.
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Figure 4.3: Graphical representation of the VAR model (4.3): directed edges (solid)
correspond to the entries of the transition matrices, undirected edges (dashed) corre-
spond to the entries of ¥

We will often use the following alternative representation of a p-dimensional

VAR(d) process (4.3) as a dp-dimensional VAR(1) process X! = A; X~ + & with

- A A Aar Ag 1
Xt
I, 0O 0 0
- Xt -
X' = A, 0 I, 0 0 e
thdJrl
- dpx1 0 0 ]p 0 - dpx1
- = dpxdp
(4.25)
The process X' with reverse characteristic polynomial A(z) = Iy, — A,z is stable

if and only if the process X' is stable (Lttkepohl, 2005). However, the quantities

fmin (A), fmax(A) are not necessarily the same as ,umm(fl), ,umax(fl).
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4.4.1 Estimation Procedure

Based on the data {X° ..., XT} we construct autoregression
(XT)/ (XT—l)/ . (XT—d>/ All (€T)/
= +
(Xd)’ (Xd—l)/ . (XO)/ A/d (Ed)'
—_—— ~ S ———
y X B* E

vec(Y) = wvec(X B*) + vec(E)

= (I ® X)vec(B*) + vec(F)

o * _ o — 2
Y = Z, 6 p* +vec(E) N=(T—-d+1), ¢g=dp (4.26)
Npx1 Npxq gx1 Npx1

This is a linear regression problem with N = T —d+ 1 samples and ¢ = dp? variables.
We will assume that §* is a k-sparse vector, i.e., S0, |lvec(A,)]], = -

We consider two different estimates for the transition matrices Aq,..., Ay, or
equivalently, for 5*. The first one is an ¢;-penalized least squares estimate of VAR

coefficients (¢1-LS). It is defined as

1
argmin — ¥ = Z5|> + w161l (4.27)
BERY

This estimate does not exploit the error covariance structure ...
The second one uses an ¢1-penalized log-likelihood estimation (¢1-LL) (Davis et al.,

2012). This is defined as

argmin%(Y—Zﬁ)' (B (Y =2Z8)+ M 18I, (4.28)
BeRq

This gives the maximum likelihood estimate of 3, assuming the error covariance ¥,

is known. In practice, 3. is often unknown and needs to be estimated from the data.
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4.4.2 Theoretical Properties

We analyze the two procedures (4.27) and (4.28) under a general penalized M-
estimation framework proposed in Loh and Wainwright (2012). To motivate this
general framework, note that the VAR estimation problem with ordinary least squares

is equivalent to the following optimization

argmin —28'4 + T4, (4.29)

BERY
where ' = (] ® X’X/N) , = (I ® X’) Y/N are unbiased estimates for their pop-
ulation analogues. A more general choice of (¥, f) in the penalized version of the

objective function leads to the following optimization problem

argmin —28'4+ BTB+ Av |18l » (4.30)
cR4g

P=(Wexx/N), 5= (Wex)yN

where W is a symmetric, positive definite matrix of weights. The optimization prob-
lems (4.27) and (4.28) are special cases of (4.30) with W =T and W = X!, respec-
tively.

As in the analysis of stochastic regression in Section 4.3, we establish consistency
of VAR estimates under two sufficient conditions - Restricted Eigenvalue (RE) and
Deviation Condition. Then we show that all stable VAR models satisfy these as-
sumptions with high probability, as long as the sample size is of the same order as
required for consistency. Although similar in spirit, these assumptions take different
forms than the ones used in stochastic regression due to the different choice of loss
function. We work with the RE condition proposed in Loh and Wainwright (2012).
For a detailed discussion of the curvature and the tolerance parameters we refer the

readers to the above paper.
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(A1) Restricted Eigenvalue (RE): a symmetric matrix I'y,, satisfies re-
stricted eigenvalue condition with curvature o > 0 and tolerance 7 > 0 (I' ~
RE(a, 1)) if

oT0 > o||0]” — 71167, V6 € R (4.31)

The deviation condition ensures that 4 and [ are well-behaved in the sense that
they concentrate nicely around their population means. As 4 and ['8* have the same
expectation, this assumption requires an upper bound on their difference. Note that
in the low-dimensional context of (4.29), 4 — I'3* is precisely vec(X'E)/N.

(A2) Deviation Condition: There exists a deterministic function Q (8*, ;)

<Q,n B8R (1.32)

The following proposition establishes non-asymptotic upper bounds on the estimation

such that

j—Tp

and prediction errors when the above conditions are satisfied.

Proposition IV.8 (Estimation and prediction error). Consider the penalized M-

estimation problem (4.30) with W =1 or W = X1, Suppose r satisfies RE condition

A

(4.31) with kT < /32 and (I',7) satisfies the deviation bound (4.32). Then, for any

Av > 4Q(8*, )/ (logd + 2logp) /N, any solution (3 of (4.30) satisfies

13 — 87|, < 64k Ay /a (4.33)
18 — 8|l < 16VE Ax/a (4.34)
(B —B)T(B - B*) <128k A% /o (4.35)

Further, a thresholded variant of lasso 8 = {Bj1|ﬁj|>AN} satisfies

192k

ORE

supp(B)\supp(8*)| <
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Remark. (a) ||3 — B*|| is precisely S A — Ay p, the fo-error in estimating
the transition matrices. For ¢;-LS, (B — ﬁ*)’f(ﬁ — (%) is a measure of in-sample
prediction error under f>-norm, defined as ZtT:d I 2221(121}1 — Ap)X'h]2/N. For
0-LL, (B — B*)T(B — B*) takes the form 3, || S0  (Ay — Ap) X' "% /N, where
|v]|s == Vo'S~1v. This can be viewed as a measure of in-sample prediction error
under a Mahalanobis type distance on R? induced by 3. .

(b) The convergence rates are governed by two sets of parameters: (i) dimension-
ality parameters - dimension of the process (p), order of the process (d), number of
parameters (k) in the transition matrices A; and sample size (N =T — d + 1); (ii)
internal parameters - curvature («), tolerance (7) and the deviation bound Q(5*, X,).
The squared ¢s-errors of estimation and prediction scale with the dimensionality pa-
rameters as k(2logp + logd)/N, similar to the rates obtained when the observations
are independent (Bickel et al., 2009). The temporal and cross-sectional dependence
affect the rates only through the internal parameters. Typically, the rates are better
when « is large and Q(8*, X.), 7 are small. In propositions IV.9 and IV.10, we inves-
tigate in detail how these quantities are related to the dependence structure of the
process.

(c) Although the above proposition is derived under the assumption that d is the
true order of the VAR process, the results hold even if d is replaced by any upper
bound d on the true order. This follows from the fact that a VAR(d) model can also be

viewed as VAR(d), for any d > d, with transition matrices Ay, ..., Ag,0pxps - - -, Opxp-

Note that the convergence rates change from 1/(log p + 2log d)/N to /(logp + 2logd)/N.
Proposition IV.8 is deterministic, i.e., it assumes a fixed realization of {X°, ... XT}.

To show that these error bounds hold with high probability, one needs to verify that

the assumptions (A1-2) are satisfied with high probability when {X°, ..., X7} is a

random realization from the VAR(d) process. This is accomplished in the next two

propositions.
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Proposition IV.9 (Verifying RE for I'). Consider a random realization {X°, ... X"}
generated according to a stable VAR(d) process (4.3). Then there exist constants
c; > 0 such that for all N = max{w? 1}k(logd + logp), with probability at least

1 — ¢y exp(—ca N min{w™2,1}), the matriz
I'=1,®(X'X/N)~ RE(a,T),

where

max(EE)/Mmin(A) - Amin(Ee)

A o logd + logp
Amin(ze)/,umax (A> ’ 21umax(~/4) 7

N

w=c3 7 = amax{w? 1}

Further, if ¥71 satisfies 6! := o' — Zj# o >0, fori=1,...,p, then, with the same

probability as above, the matriz
I'=%'® (X'X/N)~ RE (a ming’, 7 max&i)

This proposition provides insight into the effect of temporal and cross-sectional
dependence on the convergence rates obtained in Proposition IV.8. As mentioned
earlier, the convergence rates are faster for larger o and smaller 7. From the expres-
sions of w, a and 7, it is clear that the VAR estimates have lower error bounds when
Amax(Xe) s fimax (A) are smaller and A (2), ,umin(fl) are larger. We defer the proof

to Section 4.8.2.

Proposition IV.10 (Deviation Bound). There exist constants ¢; > 0 such that for

N 7z (log d+2log p), with probability at least 1 — c; exp [—ca(log d + 21log p)], we have

. logd + 21lo
QB mgy

j—Ip
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where, for {1-LS,

* - Amax(ze) Amax<26)umax(¢4)
Q) = [ A5 + 52005+ S|

and for {1-LL,

* - 1 Amax(ze) Amax(ZE)umaX(A)
Q(ﬁ 726) - |:Amin(ze) * ,Umin(A) - Amin(zﬁ)umin(-A)]

As before, this proposition shows that the VAR estimates have lower error bounds

when Apax(2e), fmax(A) are smaller and Ay (), fimin(A) are larger.

4.5 Implementation

The optimization problem ¢;-LS in (4.27) can be expressed as p separate penalized

regression problems:

1
Argmin — 1Y — ZB|1> + A\ 181l
BERY

Bi,...,Bp

B 1 D ) 4
= argmlnﬁizlﬂyi—XBiH +AN121||B,»||1

This amounts to running p separate lasso programs, each with dp predictors: ); ~
X,i=1,...,p. For large d and p, the p programs can be solved in parallel.

In the optimization problem ¢;-LL, the above regressions are coupled through 3.
One way to solve the problem, as mentioned in Dawvis et al. (2012), is to reformulate

it into a single penalized regression problem:

1 _
arg min N(Y—Zﬂ)'(&l@[) (Y —=Z8)+ An 18],
1 - - 2
= aryg géler;NH(Eel/Q(X)[)Y_(261/2®X)B” +An 1811,

114



This amounts to running a single lasso program with dp? predictors: <E 2o71 ) Y ~
2% ® X. This is computationally expensive for large d and p. Unlike ¢;-LL, this
algorithm is not parallelizable.

We propose an alternative algorithm based on blockwise coordinate descent to es-

timate the ¢;-LL coefficients. To this end, we first observe that the objective function

in (4.28) can be simplified to
1 2P P
17 /
N Y > o (V= XB) (V= XB;)+ v Y |IBilly
i=1 j=1 k=1

Minimizing the above objective function cyclically with respect to each B; leads

to the following algorithm for ¢;-LL:
1. pre-select d. Run ¢;-LS to get B, 3.1,
2. iterate till convergence:
(a) Fori=1,...,p,

o set ;= (1/267) Y67 (3, - XB;)
JFi
R a.u
e update B; = argmin We (Vs +7:) — XBi||> + A || Bill,
B;
In this algorithm, a single iteration amounts to running p separate lasso programs,

each with dp predictors: V;+1; ~ X, 1 =1,...,p. Asin ¢;-LS, these p programs can

be solved in parallel.

4.6 Sparse Covariance Estimation in Time Series

We consider a p-dimensional centered Gaussian stationary time series {X'};ez
satisfying assumption IV.1. Based on realizations {X', ..., X"} generated according
to the above stationary process, we aim to estimate the contemporaneous covariance

matrix ¥ = I'(0). The sample covariance matrix I'(0) = LY (X = X)(X! —
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X)" is known to be inconsistent when p grows faster than n (Maréenko and Pastur,
1967; Johnstone, 2001). Bickel and Levina (2008) showed that when the samples
are generated independently from a centered Gaussian or subgaussian distribution,
a thresholded version of the sample covariance matrix T,,(I'(0)) = {fij(0)1|fij(0)|>u}
can perform consistent estimation, if I'(0) belongs to the following uniformity class

of approximately sparse matrices

p
U (q,co(p), M) = {Z co < M, Z loi;|? < co(p), for all z} (4.36)

j=1

In this section, we show that consistent estimation is possible in the time series

context, as long as the underlying process is stable.

Proposition IV.11. Let { X'}, be generated according to a p-dimensional station-

ary centered Gaussian process with spectral density fx, satisfying Assumption IV.1.
Then, uniformly onU,(q, co(p), M), for sufficiently large M', if u,, = M(fx, 2)M’\/W
and n = M?(fx,2)logp, then

7,,.(00)) - T0)| = 0, <co<p> (w722 ) ) (487

|

7,,.(00) - 1), = 0, <co<p> (w722 ) (4.39

n

REMARK. (a) The errors of estimation in operator and Frobenius norm scale
with log p/n, with an additional “price” of dependence M?(fx,2). Interestingly, only
the stability measure of bivariate subprocesses of {X'} appear in the bounds. For
large p, this can be substantially smaller than the stability measure of the entire
process M(fx).

(b) Chen et al. (2013) established consistency of thresholding procedures for co-

variance estimation in stationary time series using the framework of functional de-
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pendence measure ( Wu, 2005). Proposition IV.11 relies on different structural and
distributional assumptions on the underlying time series. On one hand, the results
in the above paper are applicable on causal processes and require a specific decay as-
sumption on the functional dependence measure, even for stationary linear processes
(cf. Example 2.2, Chen et al. (2013)). Our results are applicable for non-causal pro-
cesses as well, and do not assume any specific decay on the temporal dependence.
On the other hand, their results are applicable under a mild moment condition on
the distribution of the random variables, while our results are derived under stronger

assumption of normality.

4.7 Numerical Experiments

We conduct numerical experiments to demonstrate the properties of ¢;-regularized
estimates for stochastic regression and VAR estimation in finite samples. In the first
subsection, we study the estimation error of lasso for stochastic regression, when the
noise process is serially correlated. In the next subsection, we compare the perfor-
mance of /1-penalized least squares and log-likelihood based estimates with different

correlation structures of the error process ..

4.7.1 Stochastic Regression

In the first experiment we demonstrate how the estimation error of lasso scales with
n and p. We simulated observations from a p-dimensional (p = 128, 256,512,1024)
stationary predictor process { X'} with independent components generated according
to AR(2) processes X! = 0.4X! 7' —0.16 X7 + ¢, where £ ~ N(0,1). We generated
the errors {¢'} according to a univariate MA(2) process € = 0.4e"™! — 0.16¢72 +
n', where n* ~ N(0,1). For different values of p, we generated sparse vectors [*
with £ ~ |/p non-zero entries, with a signal-to-noise ratio of 1.2. With a choice

of tuning parameter A\, = y/logp/n, we applied lasso on simulated samples of size
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Figure 4.4: Estimation error of lasso |3 — 8*|| in stochastic regression with serially
correlated error. Predictors {X!}, i = 1,...,p are generated according to AR(2)
processes and the errors are generated from MA(2) process. In the left panel, errors
are plotted against sample size (n). For the same sample size, errors are higher for
larger p. In the right panel, the errors are plotted against the rescaled sample size
n/klogp. The error curves align perfectly, showing the errors scale as \/klogp/n.

n € (100, 3000). The fo-error of estimation || — 8*|| is plotted in 4.4. The left panel
displays the errors for different values of p, plotted against the sample size n. As
expected, the errors are larger for larger p. The right panel displays the estimation
errors against the rescaled sample size n/klog p. The error curves for different values
of p now align very well. This demonstrates that lasso can achieve an estimation error
rate of m, even with stochastic predictors and serially correlated errors.
The second numerical experiment demonstrates how the estimation error changes
with the dependence in data. We have simulated samples of size n € (100,2000)
from a p = 500-dimensional stationary process { X'} with independent components
generated according to AR(2) process X! = 2p X' — p? X[ 72 + &, & ~ N(0,1),
for p € {0.1,0.3,0.5,0.7,0.9,1}. Larger values of p correspond to stronger temporal

dependence in the data. The process is unstable for p = 1. We generated a sparse
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Figure 4.5: Estimation error |3 — 8*| of lasso, for different degree of dependence in
the data. p = 500 predictors {X!}, i = 1,...,p are generated according to AR(2)
process X! = 2p X! — p?2 X724 €t ¢t ~ N(0,1). With the same sample size n, the
estimates have larger error for stronger dependence in the data, i.e., for larger p. The
process of predictors is unstable for p = 1 and lasso is inconsistent.

signal §* with k = 25 non-zero entries, and simulated serially correlated errors {¢'}
according to AR(2) process €/ = 2yel™! — 4272 4 £y = 0.2, €& ~ N(0,1). The
signal-to-noise ratio was set to 1.2. With the response process Y* = (8*, X*) + €', we
applied lasso and plotted the estimation errors || — 8*|| for different values of p and
n in Figure 4.5. As expected, the errors are larger for stronger temporal dependence,
i.e., larger values of p. For p = 1, the process of predictors is not stable and lasso
estimate is no longer consistent. Interestingly, the estimation error of lasso changes
with p in a highly non-linear fashion. The error curves for p = 0.1, 0.3, 0.5 are very
close. The error curve for p = 0.7 is slightly higher and the error curve for p = 0.9 is

farther apart from the rest.
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4.7.2 VAR Estimation

We evaluate the performance of ¢;-LS and ¢;-LL on simulated data and compare
it with the performance of ordinary least squares (OLS) and Ridge estimates. Imple-
menting /1-LL requires an estimate of X, in the first step. For this, use the residuals
from ¢;-LS to construct a plug-in estimate i. To evaluate the effect of error correla-
tion on the transition matrix estimates more precisely, we also implement an oracle
version, ¢1-LL-O, which uses the true ¥, in the estimation. Next, we describe the
simulation settings, choice of performance metrics and discuss the results.

We design two sets of numerical experiments - (a) SMALL VAR (p = 10,d =
1,7 = 30,50) and (b) MEDIUM VAR (p = 30,d = 1,7 = 80,120, 160). In each
setting, we generate an adjacency matrix A; with 5 ~ 10% non-zero edges selected at
random and rescale to ensure that the process is stable with SNR = 2. We generate
three different error processes with covariance matrix ¥, from one of the following

families:

1. Block-I: Ee = ((O—e,ij))lﬁi,jgp with Oc¢,it — 1, Ocij = P if 1 < 1 #] é p/2, Oc¢ij = 0

otherwise;

2. Block-II: 26 = ((Ug’ij))lsz‘d‘gp with Ocit — 1, Ocij = P if 1 S 1 7é j S p/2 or

p/2 <i# j<p, o =0 otherwise;
3. Toeplitz: . = ((0cij))1<ij<p With o = pli=il.

We let p vary in {0.5,0.7,0.9}. Larger values of p indicate that the error processes
are more strongly correlated. Figure 4.6 illustrates the structure of a random transi-
tion matrix used in our simulation and the three different types of error covariance
structure.

We compare the different methods for VAR estimation (OLS, ¢;-LS, ¢;-LL, ¢1-LL-

O, Ridge) based on the following performance metrics:
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(a) Ay (b) X Block-I  (c) 3e: Block-IT  (d) X¢: Toeplitz

Figure 4.6: Adjacency matrix A; and error covariance matrix Y. of different types
used in the simulation studies

1. Model Selection: Area under ROC curve (AUROC)

2. Estimation error: Relative estimation accuracy ||A; — Ay||r/| A1llr

Table 4.1: VAR(1) model with p =10, 7' = 30

BLOCK-I BLOCK-II Toeplitz

p 0.5 0.7 0.9 0.5 0.7 0.9 0.5 0.7 0.9

AUROC | ¢;-LS 077 074 0.7 | 079 076 0.74 | 0.82 0.79 0.77
£1-LL 0.77 075 073 | 079 077 077 | 081 08 0.81

¢1-LL-O | 0.8 0.79 0.76 | 0.82 0.8 0.81 | 0.85 0.84 0.84
Estimation | OLS 1.24 139 1.77 | 1.29 1.63 236 | 1.32 1.56 2.58
Error | ¢1-LS 0.68 0.72 0.76 | 0.64 0.67 0.7 | 0.63 0.66 0.69
£1-LL 0.66 0.66 0.66 | 0.57 0.59 0.53 | 0.59 0.56 0.49

¢1-LL-O | 0.61 0.62 0.62 | 0.53 0.54 0.47 | 0.53 0.51 0.42

ridge 0.72 074 075 | 0.7 071 072 | 07 071 0.72

We report the results for small VAR with 7" = 30 and medium VAR with 7" = 120
(averaged over 50 replicates) in Tables 4.1 and 4.2. The results in the other settings are
qualitatively similar, although the overall accuracy changes with the sample size. We
find that the regularized VAR estimates outperform ordinary least squares uniformly
in all the cases.

In terms of model selection, the f;-penalized estimates perform fairly well, as
reflected in their AUROC. Ordinary least squares and ridge regression do not perform
any model selection. Further, for all three choices of error covariance, the two variants
of ¢1-LL outperform ¢,-LS. The difference in their performances is more prominent

for larger values of p. Among the three covariance structures, the difference between
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least squares and log-likelihood based methods is more prominent in Block-1I and
Toeplitz family since the error processes are more strongly correlated. Finally, in all
the cases, the accuracy of ¢;-LL is somewhere in between ¢;-LS and ¢;-LL-O, which
suggests that a more accurate estimation of >, might improve the model selection
performance of regularized VAR estimates.

In terms of estimation error, the conclusions are broadly the same. The effect
of over-fitting is reflected in the performance of ordinary least squares. In many
settings, the estimation error of ordinary least squares is even twice as large as the
signal strength. The performance of ordinary least squares deteriorates when the
error processes are more strongly correlated (see, for example, p = 0.9 for block-II).
Ridge regression performs better than ordinary least squares as it applies shrinkage
on the coefficients. However the (;-penalized estimates show higher accuracy than
Ridge in almost all the cases. This is somewhat expected as the data were simulated
from a sparse model with strong signals, whereas Ridge regression tend to favor a

non-sparse model with many small coefficients.

Table 4.2: VAR(1) model with p = 30, 7" = 120

BLOCK-I BLOCK-II Toeplitz
p 0.5 0.7 0.9 0.5 0.7 0.9 0.5 0.7 0.9
AUROC | ¢;-LS 0.89 0.8 077 | 0.87 081 0.69 | 091 087 0.76
£1-LL 0.89 087 082 | 09 0.8 088 | 091 091 0.89
1-LL-O | 092 09 084 | 093 092 09 | 094 093 0.92
Estimation | OLS 1.73 2 293 | 1.95 253 428 | 1.82 228 3.88
Error | ¢1-LS 0.72 0.76 085 | 0.74 0.82 093 | 0.69 0.73 0.86
¢1-LL 0.71 071 072 | 0.68 068 0.65 | 0.67 063 0.6
¢;-LL-O | 0.66 0.66 0.68 | 0.64 0.63 0.59 | 0.63 0.59 0.54
Ridge 0.81 083 085 | 0.82 0.85 0.88 | 0.81 0.82 0.8

4.8 Technical Results

4.8.1 Results on Stochastic Regression

Proof of Proposition IV.5. Let us recall that S = X'X /n, J = supp(p*) with |J| = k,
C(J,k) ={v e RP: |lvye

1 < kl|vgll1} and K(s) = Bo(s) N By(1), for any s > 1. We
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need a positive lower bound on v'Sv/||v||?, uniformly over all v € C(J,3)\{0}, that
holds with high probability. Assuming ||v|| = 1 does not result in any loss of generality
since v € C(J,3)\{0} if and only if v/||v|| € C(J,3)\{0}. If m(fx) > 0, the lower

bound in Proposition IV.3 ensures that

5. Tx(Ov =2 >0 4.39
UEC(J,{%,IIUH:lU X( )U— ﬂ-m(fX) ( )

So it remains to show that v'(S — I'x(0))v is sufficiently small, uniformly for all
v € C(J,3) with ||v]| = 1. We start with the single deviation bound of (4.17) with a

2k-sparse v, ||v|| = 1:
P[] (S —Tx(0))v| > 20 M(fx,2k)n] < 2exp [—cnmin{n,nz}}

Using a discretization argument presented in Lemma 4.8.7, we can extend it to the

following uniform lower bound on all 2k-sparse vectors v of unit norm:

P| sup [v'(S—Tx(0))v|>27M(fx,2k)n (4.40)

veX(2k)

< 2exp [—cnmin{n,n*} + 2k min{log p, log (21ep/2k)}]

In the next step, we use Lemma 4.8.6 to conclude that the set C(J,3) N By(1) is
contained in a closed, convex hull of k-sparse vectors 5cl{conv{X(k)}}. This, together

with the approximation of Lemma 4.8.8, leads to the following upper bound

wp  WS-TxO)0] € s (S —TxO)
veC(J,3), ||v]|=1 vebel{conv{X(k)}}
= 25 sup [0/ (S — T'x(0))v]
vecl{conv{XK(k)}}
< 75 sup |[V'(S—Tx(0))v]
veX(2k)
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Using the deviation bound of (4.40) and min{n,n*} < min{1,7%}, we have

P sup [v'(S — T'x(0))v| > 1507 M( fx, 2k)n
veC(J,3), [[v]|=1

< 2exp [—enmin{1, 7’} + 2k min{log p, log (21ep/2k)}]

Setting n = m(fx)/150M(fx,2k) and combining this deviation bound with (4.39),
we obtain the final result.

Note that similar lower bounds can be derived if, instead of assuming m(fx) > 0,
one assumes Apin(I'x(0)) > 0, or o := infyeesanioy 'I'x(0)v/|[v]|* > 0. In these

cases, 2mm( fx) is replaced by Apin(I'x(0)) or a in (4.39). O

Proof of Proposition IV.6. We need an upper bound on [|X’E/n|| that holds with

high probability. To this end, note that for any 5 € {1,...,p},

2X/E/n = ||Xj—|—EH2—nVar(X;+el)]

o
1 9 1 1 2 1
= 141 = nVar(X))] + — [| Bl — nVar(e")]

So it suffices to derive deviation bounds for each of the terms on the right.

Term III: The deviation bound (4.17) for the time series {€'} with p = 1, v = 1,

k =1 gives
1 2 1 . )
P - |||E|| nVar (e )‘ > 2t M(fon| < 2exp [ enmin{n ,n}}

Term II: Applying the deviation bound (4.17) for the time series {X}} with p = 1,

v =1, k=1 and using (4.9), we have

1
P [5 1212 — nVar(X})| > 2mM(f. 1>n] < 2exp [—enmin{y?, n)]
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Term I: Setting Z' = X} + ¢' and using (4.11) with the deviation bound (4.17), we

conclude
1
P {ﬁ 1% + E|]> = nVar(X} +€")| > 2 [M(fx, 1) + M(f)]n

is at most 2 exp [—cn min{n? n}].

Putting the three concentration bounds together, we obtain, for any j € {1,...,p},
1 )
P [ﬁ ‘X]’E} > 21 (M(fx, 1) + M(fe)}} < 6exp [—cnmm{n{n}]
Taking an union bound over all 7, we have:

P | XE] > 20 MU, 1)+ MUL]] < Gpoxp [-enmin{s?, )

1<j<pn

Setting 1 = cgy/ k’% and using the fact that n 27 log p, we have the required result. [J

Proof of Proposition IV.7. The events of Propositions IV.5 and 1V.6 hold with prob-
ability 1 — ¢; exp [—colog p| for some ¢; > 0, under the assumptions on n and A,.

Denote v = 3 — 8% and J = supp(8*) so that |J| = k. Then we have,

1 . | .
IV = XBIE + Mall Bl < Y = XE + Al

After some algebra, this reduces to

2
v'Sv — EU/ (X/E) < >‘n||ﬁ*||1 - An”ﬂ* + UHI
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With the proposed choice of \,, we have

)\n * *
0<v'Sv < ol + AallB*h = Aall 8 + vlh

)\n * * : *
< 7||U||1 + A (18711 = 1187 +vsllt = [Jvgellr) , since 87 =0
An ) ) )
< 5 (lvslle + llvsellr) + A (o]l = |lvsellr) , by triangle inequality
3\, An
< P - 2o

2

This ensures ||vs]y < 3|vsells, ie., v € €(J,3) and v'Sv < 2\, ||lvs|l1 < 2AVE]|v]| .

Using RE condition, we have

age|v]|? < v'Sv < 22, VE||v|

This implies

20,Vk

o] <
ORE
8\, k
o]l Sszm§4¢MwH§aM;
2
lso| < Pk
QRE

To derive the upper bound on the number of false positives selected by the thresholded
lasso, note that
Bi

supp(3)\supp(B*) /An

= D s S
i jE

1 3 loll, 24k
< )\—ZWJ"S/\—Z\UHS)\—IS—

(0%
it " el e
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4.8.2 Results on VAR Estimation

Proof of Proposition IV.8. Since (3 is a minimizer of (4.30), for all 5 € R? we have
—23'4 + BB+ A8l < =284+ BT + Anl|Blx
For g = 8*, the above inequality reduces to
VT <20 (5 = T7) + An {157 = 187+ vl1} (4.41)

where v = B — B
The first term on the right hand side of (4.41) is at most 2||v||;Q(5*, 3¢ )y/log ¢/N.

The second term, by triangle inequality, is at most Ay{||vs|[1 — ||vJe

1}, where J
denotes the support of 8*. Together with the proposed choice of Ay, this leads to the

following inequality

A A
0<vTv < TN{|\W|\1+\|chHl}+)\N{|va|yl—|\ch||1}

3\ A
oyl = 2 ol < 27w o]l (442)

IA

In particular, this ensures |[vse||; < 3|lvy|lx so that |[v]jy < 4|lvs]ly < 4Vk||v||. From

the restricted eigenvalue assumption and the upper bound on k7(N, ¢q), we have
. Q@
vTo > a ol = 7(N, q)l[vlft = (@ = 16k7(N, @) [v]* = S [[o[]”

Together, the upper and lower bounds on v’ Tv guarantee that

a
Tl < Aol < 4VEAx ||
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This implies

o]] < 16VEkAy /o
[v]]1 < 4VEMy|Jv]| < 64kAy/a

v'To < 22n]jv]l1 < 128kA% /a

To derive the upper bound on the number of false positives selected by thresholded

lasso, note that

Bil/An

SUpp(B)\SUPp(B*)‘ = Zl{|3j|>m}§z
7% it

1 3 3lofl, _ 192k
)\N A |U]| — )\N . |U.7| — AN — o
j¢J jeJ

IN

]

Proof of Proposition IV.9. Note that the matrix T takes the form I, ® (X'X’/N) and
S 1@(X'X /N) for £1-LS and ¢,-LL, respectively. To prove that T satisfies RE, we first
show that the random matrix S = X'X /N satisfies RE(a, 7) with high probability,
for some a > 0, 7 > 0. Then we invoke Lemma 4.8.1 to extend the result to I.

To prove that S = X’X' /N satisfies RE condition, note that the rows of the design
matrix X are sequentially generated according to a stable VAR(1) process {X*}, as
defined in (4.25). In particular, each row of X’ is centered Gaussian with covariance
I'4+(0). Now I'¢(0) = TF = TX, where T is the covariance of the vectorized data
matrix containing n observations generated according to the process { X'}, as defined

in Section 4.2.2. Hence, from Proposition IV.3 and the bounds in (4.24), we have

Amin (Ze)

Amin (I5(0)) = ()

(4.43)
Also, from Proposition IV.4 and (4.24), we have, for any v € R%, |lv|| < 1, and any
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n >0,

P ||v" (S —T%(0)v] > n/:nafx—ng) < 2exp [—cnmin{n, n’}] (4.44)

The next step is to extend the deviation bound (4.44) for a single v to an appropriate
set of sparse vectors K(2s) := {v € R¥? : |jv|| < 1, |jv|lo < 2s}, for an integer s > 1

to be specified later. Using the discretization argument of Lemma 4.8.7, we have,
A ()

sup [v' (S —Tg(0))v] >n—==
veX(2s) ,Umin(A)

P

is at most 2 exp [—cN min{n, n?} + 2s min{log(dp), log(21e dp/2s)}].

Next, we set n = w™! with ¢3 = 54 and note that min{n, n?} > min{1,n*}. Apply-
ing Supplementary Lemma 12 in Loh and Wainwright (2012) with § = Apin(2e) /54 imax (A)
and ' =5 — T ¢(0), we have

V'Sv > alo|? = S||?, for all v € R
S

with probability at least 1 — 2exp [—cN min{w 2,1} + 2slog(dp)].
Finally, we set s = [¢N min{w2,1}/4log(dp)] [note that s > 1 with the required

choice of N] to conclude that S ~ RE(«, ) with high probability. O

Lemma 4.8.1 (RE condition for I'). If XX /N ~ RE(a,7), then so does [,QX'X/N.

Further, if 57" satisfies o} .= o =32, ;00 >0, fori=1,...,p, then
Y71 ® X'X/N ~ RE <a min !, 7 max 52)

Proof. S = X'X/N ~ RE(a,7). Consider I' = I, ® S. For any § € R%* with

0' = (0},....0,), each 6; € R, we have

p p p
0'(I,®9)0 =Y 0,96, > a > 16> =7 > _[I6:[I7 > all6]|* — 7|6
r=1 r=1 r=1
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proving the first part. To prove the second part, note that

p p p
05 ®8)0 =Y 010,80, = ol"0.50, + Y or*0,50,

r,s=1 r=1 r#s

Since the matrix S is non-negative definite, 0,50, > —1(0.50, + 0.50,) for every

r # s. This implies

0= 09)0 > i ol"0,56, = or*(6,56, + 0,56,)
r;l r<s ,
=Y (ay - a;'S> 0,50, = > 576,50,
r=1 r#£s r=1
p p

> ) a6 =7 arlle]
r=1 r=1

> (o ming?) 0] — (v maxa?) 6]
7 7

[]

Proof of Proposition IV.10. We want to establish an upper bound on ||§ — fﬁ*”oo
that holds with high probability. To this end, we first note that in the context of

(4.30),

= WeX)(I,®X)5 N+ (W e X')vec(E)/N

g = (W X'X/N)p*

which implies 4 — I'8* = (W ® X") vec(E) /N = vec(X'EW)/N.
For ¢1-LS, EW = E, a matrix with independent rows, each row ~ N(0,,). For
(;-LL, EW = E, a matrix with independent rows, each row ~ N(0,%X-!). Note that

in both cases "

row of F or E is independent of the i** row of X'. First, we present
the argument for ¢;-LS.

For any | € {1,...,dp}, any k € {1,...,p}, we first derive an upper bound on
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P(|X/Ex/N| > t). Taking union bound over all [,k then leads to the final upper

bound on the tail probability of the maximum

1 1
P <N|’X/El|max > t> =P < max N"X‘Z/Ek‘ > t)

1<I<dp,1<k<p

Note that for any given [, 1 < [ < dp, there exist unique j, h > 0 such that
l=ph—-1)+3j,1<h<d 1<j<p Thel" column of X and the k" column of

E are precisely

X]-T_h e{

XTflfh 6Tfl
X, h)=X=| " L E=| °

X]d_h ez

We will use X'(j, h) and & interchangeably for notational convenience. First note

that

2

XA Ee = & [1XG. )+ Bel® — NVar(X]™" + )]

1
N

5 [1XG, ) = NVar(XE )] = < (1Bl — NVar(e))]

1
N
Next we establish deviation bound for each of the three terms on the right.

Term III: E, ~ N(0,Q) with Q = (e Xcex)In, so that [|Q] < Amax(Ee). So, by

Hansen-Wright inequality of Lemma 4.8.5, we have
1 :
P (N ’HEkﬂz - NVar(e;f)‘ > nAmax(Ee)> < 2exp [—cN min{7, 772}]

Term II: X (j,h) ~ N(0,Q) with Q,s = ¢;I'x(r—s)e;, so that tr(Q) = NVar(Xf_h).
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Also, for any v € RY with |Jul] =1,

< Amax(ze)

N N
U Qu = Z Zuruse;l“x(r —s)e; = (u®e;) T (u®ej) < Apax (Ty) < ()

r=1 s=1
so that ||Q| < Amax(Xe)/fmin(A). Again, by Hansen-Wright inequality of Lemma

4.8.5, we have

Amax (Ee)

1
P(—|[IX( h)|?— N Var(X] "
(7 116G P - 8 Va4 e

) < 2exp [—cN min{n, n*}]

Term I: The N-dimensional random vector X'(j, h) + Ej is centered Gaussian with

covariance matrix (), where
Qrs — COV(X]TihirJrl 4 6Z7r+17X]T7h75+1 4 egferl)’ 1 S r, s S N
To apply Lemma 4.8.5, we need an upper bound on ||Q||. To this end, note that

Qrs — COV(X]Tfhfr+17X]Tfhfs+1) + COV(X?ih*SJrl, ngﬂrl)
+ COV(X]T_h_T—H, 6Z—s+1) + COV(GZ_T—H, Eg—s—l-l)

- BQFX(T - S>€j + 6;‘A(37 e + GSA(T, s)ex + =gy eﬁczeek

where A(r, s),x, is the (r, 5)™ block of the covariance matrix

XTfh ET
XT—l—h 6T—l A(n S) — COV(XT_h_T—H, 6T—s-i-l)
A = Cov ; ) (4.45)
: : 1<r,s<N
deh Ed

132



This implies that for any u € RY | |jul| =1,

N N
ulQu = Z Z urusQrs
r=1 s=1
= (u®e) Tn(u®e;) +2(u®e;) Au®eg) + e ey,
Since ||u ® e;|| = ||lu® ex]| = 1, it follows from the upper bounds in Lemma 4.8.2 and

Proposition IV.3 that

QI < Amax(Xe) [+ (1 + 2pmax (A))/ frmin (A)]

Once again, using Hansen-Wright inequality of Lemma 4.8.5, we have

= ] - 1 +2 max A
P (N ‘HX(J, h) + E|* — NVar(XjT hy €£)| > A max(Se) [1 + N—()})

Hmin (A)

is at most 2 exp [—cN min{n, n*}].

Putting together the deviation bounds for Terms [ - I1I, we have

1+ fimax(A)

1
P — X0, E| > nhma(S) |1+
(7 1B > () |14 2Lt

D < Gexp [—N min{r, 7}]

Taking an union bound over all j, h and setting n = co\/logq /N yields the final
result.
The proof for ¢1-LL can be derived exactly along the same line. For term III, we

have ||Q|] < 1/Anin(XZc). For term II, ||@Q]| remains the same. For term I,

]- Amax(ze) Amax(Ee) /'LmaX(A)
2
HQH = Amin(ze> - :umin(A) - Amin(ze) Mmin<A>

The additional Ay, () in the denominator of the third expression appears because
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the (r,s)" block of A in lemma 4.8.2 now changes to

A(r,s) = Cov(XThr v-tel)

= [(Tx(r—s+h)—...—Tx(r—s+h—d)A)] ="
Setting 1 as before and taking union bounds over all 7, h yield the final result. O

Lemma 4.8.2 (Bounding u'Av). Consider A, as defined in (4.45). For any u, v €

RNp thh ||U” = ||U|| = ]-7 |’LL/QU| S Amax(ze):umax(A>/:umin(A)'

Proof.
XT-h XT - A XTL AT
A = Cov : ,
G Xd—Ale_l—...—AdXO
A(r,s) = [(T(r—s+h)—T(r—s+h—1A—...—T(r—s+h—d)A)),

for any r,s, 1 <r,s < N.
For any u, v € RY? with ||ul| = 1,[jv]| = 1, define G(8) = SN w'e™?, H(0) =
ny:l v"e™" It is casy to check that (7 G*(0)G(0)d0 = 2, [ H*(0)H(0) df = 2.

Then, using the representation of (4.7), we can write

WAy = /f z'r’ 8+h)9A*( z@)dg v®

r=1 s=1

= /ﬂ[i(u’“)’e"e] F(O)e™M A (e [ivse_“el

™

_ / G*(6) £(0)e™ A (™) H(6) df
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By Cauchy-Schwarz inequality,

T T 1/2 - 1/2
/ GH(0)1(9) db| < / GH(0)G(0) db / *(0)1(6) do

This leads to the following upper bound on the quadratic form.

T 1/2
WA < / G (O)G(0) o / H(0)A(e”) (0) A" (¢ H(0) 0
< 2r max AL (AC) O
€
Amax(ze),umax(A)
,Umin(A)
where the last inequality follows from the expression of f(6) in (4.23). O

4.8.3 Results on Covariance Estimation

Proof of Proposition IV.11. The sample covariance matrix f(O) can be expressed as
f(O) =S — XX' where S = X'X/n and X = X'1/n, 1,,q = (1,1,...,1)". First,
we derive element-wise concentration bound for I'(0) around T'(0). To this end, note

that for any i,j € {1,...,p},

[;(0) — Fij(o)) < ISy — Ty (0)] + | X X5 (4.46)

Taking maximum over all ¢, 7, we have

i, (())—rij(())] < max |Sy; — Ty(0)] + max | X[’

1<, j<p 1<i<p

max
1<4,5<p

Equation (4.19) provides a concentration bound on the first term. To concentrate
the second term, note that X; = 1'Xe;/n. Set Y = Xe;. Then Y, «; can be viewed

as the data matrix consisting of n observations from the i'® subprocess of {X'}.
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Thus, Y ~ N(0,Q) with [|Q] < 27M(fx,1), using Proposition IV.3. Now, for
Z = 1'Y/y/n, we have Var(Z) = v'Qu < 27 M(fx,1), since u = 1/y/n is an unit
norm vector. Using this upper bound on Var(Z) together with the standard Gaussian

tail bound, we have, for any n > 0,

P (X2 > 4nM(fx,1)n) < P (|Z| > \/47rM(fX,1)n\/ﬁ>
ArM(fx, 1)nn
2Var(Z2)

< 2exp [— ] < 2exp [-nmin{n, n°}]

Combining the concentration bounds for the two terms and setting n = 10% =

op(1), we conclude

max|;(0) = [;(0)| = Op (M(fx, 1)/ 1°§p> (4.47)

This provides element-wise concentration bounds similar to equation (12) in Bickel

and Levina (2008). Rest of the proof follows exactly along the lines of Theorems 1

and 2 in that paper. O

4.8.4 Measure of Stability

In this section we discuss some properties of the stability measure introduced in
Section 4.2 and its connection with the assumption [|[A4;|| < 1. In particular, we
show that the assumption [|A;|| < 1 guarantees stability of the process, but not
the other way. If, however, the transition matrix A; is symmetric, the assumption
| A1]] < 11is necessary for stability. We also show that this assumption is violated for
all stable VAR(d) models, whenever d > 1. We conclude the section with the proof of
Proposition IV.2, where we derive upper and lower bounds on the quantities iy, (.A)

and fimax(A).

Lemma 4.8.3. A VAR(1) process is stable if || A1|| < 1 . If Ay is symmetric, then a
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VAR(1) process is stable only if || A1]] < 1.

Proof. 1f ||A;]| < 1, then all the eigenvalues of A; lie inside the unit circle {z € C :
|z] < 1}. So the process is stable.

If the process is stable, then all the eigenvalues of A; lie inside the unit circle. In

addition, if A is symmetric, then this implies that || A1|| = \/Amax(A74;) < 1. O

Lemma 4.8.4. Consider the VAR(1) representation of a VAR(d) process in (4.25).
|Ay|| ¢ 1 whenever d > 1.

Proof.
SEUAA A L Ag
. A I 0
AA, - 1 P
L Ad—l 0 e [p i dedp
So for any v € R% with v/ = (v],...,v}), each v; € RP, we have

d d d
VA Ay = (Z AtA;) v+ 200 Y Ao+ Y )
t=1 t=2 t=2

This implies

d
Amax </~11/~1,1> = ‘I‘nHaX v'fllflllv > max v’fllflllv = max va =1
v||=1
[oll = ol =1 =
V1 = 0 V1 = 0
[
Proof of Proposition IV.2. A(z) =1, — Ajz — Agz? — ... — Ag2?

(i) Using |z| = 1 together with the matrix norm inequality [|A|| < ||Al[1]| Al (cf.
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Cor. 2.3.2, Golub and Van Loan (1996)), we have

lj’max(.A) = maXHI — Alz — ... — Adde

|2[=1

d d

< T+ Al < T+ VIRl [Anllso
h=1 h=1
d p p

< 1+ Z <1IE?<>§;Z | Apij| + E?%Z |Ah,ij|> /2
h=1 \' = j=1 ===

(ii) For d =1, A(z) = I, — Ay z. First note that

fmin(A) = min Ay, (I — A12)"(1 — A12)) = min Ay, (21 — A)*(21 — Ay))

|z|=1 |z|=1
If A, is diagonalizable with eigenvalues Aq,..., A, and corresponding eigenvec-
tors wy, . . ., w,, we have the decomposition A; = PDP~! where D is a diagonal
matrix with entries \; and P = [wy : ... : wp]. So, 2I — Ay = PD,P~!, where

D, is diagonal with entries (z — )\;), ¢ = 1,...,p. The condition det(A(z)) # 0
ensures all the eigenvalues of A; are inside the unit circle {z € C : |z| = 1}.
This implies D, is invertible, for all |z| = 1 and the eigenvalues of DD, are
|z = N> > (1 — p(Ay))? forall |z] =1 andi=1,...,p. Hence,

pin(A) = min [ PDZPTH(P) (D))

|z[=1

> PP (L~ p(AL)
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4.8.5 Auxiliary Lemmas

Lemma 4.8.5 (Hansen-Wright Inequality). If Y ~ N(0,x1, Qnxn), then there exists

an universal constant ¢ > 0 such that for any n > 0,

P\ (VI (@) > all@ll| < 2exp [~cnmin{y, 7))

Proof. The proof follows from Theorem 1.1 in Rudelson and Vershynin (2013). Write
Y = QY2X, where X ~ N(0,1) and (Q'?)(Q"?) = Q. Note that each component

X; of X is independent N (0, 1), so that ||.X;|ly, < 1. Then, by the above theorem,

1 1
P |2 V1P - @] > ulel] = P[5 1X0x - BXQx] > alel]

(wleP nannH
zeXp[ m{ e el

< 2exp [~enmin{y®,n}] since [|Q||F < n[| Q|

IN

O

Lemma 4.8.6 (Approximating cone sets by sparse sets). For any S C {1,...,p}

with |S| = s and k > 0,

C(S, k) NBy(1) CBy((k + 1)v/s) NBy(1) C (k + 2)cl{conv{XK(s)}}

Proof. The first inequality follows from the fact that for any v € C(S, k),

vl = lloslls + losell < (5 + Dllvslh < (k+ DVsllos] < (5 +1)/s

Both A :=B;((k+1)y/s) NBy(1) and B := (k + 2)cl{conv{XK(s)}} are closed convex
sets. We will show that the support function of A is dominated by the support

function of B.
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The support function of A is ¢4(z) = supyea(f,2). For a given z € RP, let J
denote the set of coordinates of z with the s largest absolute values, so that ||z ¢||oo <

l1zsll1/s < ||zs]|/+/s. Also note that for any 6 € A | [|0e

1 < (k4 1)y/s. Then we

have, for any 0 € A, z € RP,

<€9, Z> = ZQZZZ + Z‘gzZz S ||ZJc

ieJe iceJ

collfelly + 25161 < (& + D)l[zs ]| + 2]

so that ¢a(2) < (k+2)||2/]

On the other hand, ¢p(2) 1= supye (0, 2) = sUpP s D _icp 0izi = (K +2)[[2]]. O

Lemma 4.8.7. Consider a symmetric matriz Dyy,. If, for any vector v € RP with

loll <1, and any n >0,
P [|[v'Dv| > Cn) < 2exp [—cnmin{n, n*}]
then, for any integer s > 1, we have

P [ sup [v'Dv| > Cn| < 2exp [—cnmin{n, n°} + smin{log p, log (21ep/s)}]

veX(s)

Proof. Choose U C {1,...,p} with |[U| = s. Define Sy = {v € R? : |v] <
1, supp(v) € U}. Then K(s) = Ujyj<sSy. Choose A = {u1,..., Uy}, a 1/10-net
of Sy. By Lemma 3.5 of Vershynin (2009), |A| < 21°. For every v € Sy, there exists

some u; € A such that ||Av|] < 1/10, where Av = v — u;. Then we have,
v := sup |v'Dv| < max |u;Du;| + 2 sup |maxu;D(Av)| + sup |(Av)' D(Av)]

vESY vESY g vESY

Since 10(Av) € Sy, the third term is bounded above by 7/100. The second term is
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bounded above by 6v/10, as shown below:

2 sup |maxu;D(Av)| <

< — sup |(w; + 10Av)' D(u; + 10Av)]
vESY v 10 vESY

1
+— sup |u;Du;| + — sup |(10Av) D(10Av)|
10 vESY 10 vESY
g v

071010

VAN
W
)

Readjusting, we have 7 < 3 max; |u;Du;|. Taking an union bound over all u; € A, we
have

P | sup [v'Dv| > 3Cn| < 2exp [—cnmin{n,n*} + slog(21)]
vESY

Taking another union bound over < min{p®, (ep/s)’} choices of U, we obtain
the required result.

O]
Lemma 4.8.8.

sup

' Du <3 sup [v' Dol
vecl{conv{X(s)}}

veK(2s)
Proof. Let v € conv{X(s)}. Then v = S_F  a;u;, for some k > 1, v; € K(s) and
0<a; <1, forall 1 <i<k,suchthat ), a; =1. Then

k
20Dy < 2 Z ;o |v; D,

ij=1
k
< Z ;e [|(vs 4 v;) D (v; + v;)| + |vj Dy + |v}vaH
ij=1
k
< 6 Z a;a; sup  [v' Do)

ij—=1 veX(2s)

By continuity of quadratic forms, the result follows.
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CHAPTER V

Low-Rank and Sparse VAR modeling

5.1 Introduction

An important challenge in autoregressive modeling of multivariate time series
stems from the fact that failure to include relevant variables in the model can in-
troduce spurious correlations among the individual time series, resulting in incorrect
estimation of the edge set of the underlying Granger causal network. This is also a
major critique against causal interpretation of Granger-causality. This problem in
VAR modeling is well-known in the economics literature. For instance, Christiano
et al. (1999) argue that a positive response of prices to monetary tightening in the
post-war US economy, commonly known as the “price puzzle”, is an artefact of not
including forward looking variables in the model (Barnbura et al., 2010). The high-
dimensional VAR framework with sparity based regularizers like lasso resolves this
problem to a certain extent by allowing many variables in the model. However, in
many macroeconomic applications it is not possible to observe all the relevant vari-
ables driving the market economy. A popular strategy is factor modeling, where
the key idea is that there are a few latent factors driving the major co-movements
of many time series (Stock and Watson, 2005). Indeed, empirical evidence suggests
that the co-movement of many macroeconomic time series in the US economy can be

explained by a small number of unobserved factors extracted from the data.
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Failure to account for the presence of unobseved common factors can negatively
impact high-dimensional sparse VAR modeling in two ways. First, the correlation
among the time series that is driven by underlying factors introduces spurious con-
nectivities among the observed time series. Second, even if the true Granger causal
network is sparse, failure to account for hidden factors can result in a non-sparse VAR
representation of the process and lasso estimates become inaccurate (cf Examples 1
and 2 below).

In this chapter, we propose to deal with this issue with a low-rank and sparse
modeling strategy. Low-rank approximation and low-rank+sparse decomposition of
Hankel matrices, which represent the input-output structure of a linear time invariant
system (LTT), have appeared in the literature (Fazel et al., 2003). A low-rank repre-
sentation of the Hankel matrix corresponds to a system of small order or dimension
and a sparse Hankel matrix represents sparse input-output system (Chandrasekaran
et al., 2011). In the context of high-dimensional stationary time series, we show that
a low-rank or a sparse+low-rank structure in the transition matrix arises naturally,
if the components of the observed process are affected by some latent factors. We
demonstrate this using two examples.

FEzample 1. We consider a p-dimensional stationary process { X'} with the entire
dynamics driven by a r-dimensional (r < p) unobserved process of factors {F'},

which itself follows a VAR(1) process

X' = AF'+¢ &~ N(0,%), Cov(¢, &) =0ift #s (5.1)

F' = HF'"'+9', n' ~ N(0.%,), Cov(n',n®) =0, ift+#s (5.2)

This is a simple example of a static factor model used in economics. We assume the

matrix of factor loadings A,, has full column rank r, so that it has a left inverse A~
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satisfying A=A = I,. It then readily follows that

Xt — A[HFt—1+nt}+§t
— A[HA_(Xt_l—ft_l)—l—ﬁt] +€t
= AHA X'+ [An' + & — AHA

— LXt—l + Et

where L = AHA~ has rank at most 7 and the new error process e/ = An 4+ ¢t — L&
has a MA(1) component.

Ezample 2. Consider the same process {X'}, but assume that its dynamics is
governed by two sources: an underlying process of factors {F*} as before and the
interaction among its components, as captured by a VAR(1) process with a sparse

transition matrix S

X' = AF'" 4+ SX"1 4+ ¢ S sparse (5.3)

F' = HF"'+7¢ (5.4)
A similar calculation shows

X' = AHA [X'7'—SX'"72 - 4 SXT 4+ + Ay
= (L+S)X" P —LSX" 2 +¢

(L+ 9)X" !+ ¢ assuming the second order effects in LS are small

Q

Model. Motivated by the above connections, we propose to model the process

{X"} as a stable VAR(1) process with the transition matrix having a low-rank and a
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sparse component. Formally, we consider the class of models

Xt = AX"t e eiid. N(0,%,) (5.5)

A=L"+S° rank(L°) =7, ||S%00 =5, 7 <p, s < p (5.6)

In this model, the matrix L° captures the effects of latent variables and S° encodes
the dynamics among the individual time series, after accounting for the latent effects.
The goal is to estimate S° and L° with high accuaracy using moderate sample sizes.
In this chapter we restrict our analysis to only models with serially uncorrelated
errors. A general model with serially correlated error structure, although more well-
suited for the examples described above, poses significant technical challenges due to
endogeneity (correlation between predictors and the noise in the regression) and we
intend to pursue it as a separate problem.

Stability.  As shown in Section 4.2, the VAR(1) models considered in (5.5),
under the assumption of stability, has a spectral density satisfying assumption (IV.1).
Proposition IV.2 provides a lower bound on fiin(A). Further, for the special structure
of the models considered here, one can get an improved upper bound on fiya(A), as

shown in the following lemma:

Lemma 5.1.1. For a stable VAR(1) model of the class (5.5), we have

fimax (A) < [1 414 (Vi + Vo) /2] (5.7)

where [ is the largest singular value of L°, v, = maxi<j<, |S?j| and Vpys = MaXj<i<p |Sg|

Proof. [|A(z)]| = IT = (L®+ Szl < 1] + [[L°]] + [|S°]] for any 2 € C with [2] = 1.

The result follows from the fact that pmax(A) = max, = || A(2)]*. O

Notations. We reserve the symbol ||.|| to denote the fo-norm of a vector and

the spectral norm of a matrix. The symbol || A|| is used to denote the nuclear norm,

145



i.e., sum of the singular values, of a matrix. A* denotes the conjugate transpose of
a matrix A. For any matrix A, we use the notations [|A|y to denote card(vec(A)),
| Al|1 to denote ||[vec(A)||; and ||A||max to denote ||vec(A)||s. Throughout the chapter,
Amax(-); Amin(.) are used to denote the maximum and minimum eigenvalues of a
symmetric or Hermitian matrix. For any integer p > 1, we use SP~! to denote the
unit ball {v € R? : |jv|]| = 1}. We use {ey, eq,...} generically to denote unit vectors
in RP, when p is clear from the context. Throughout the chapter, we write A - B if
there exists an absolute constant ¢, independent of the model parameters, such that

A > cB.

5.2 Related Work

Factor models have a long history in the statistics and econometrics literature as
a popular technique for dimension reduction. Bai and Ng (2008) provide a compre-
hensive review of the theoretical and empirical work on factor models.

The problem that we consider in this chapter, however, is considerably different
in nature. We are interested in learning both the effect of the latent variables on
the system and the Granger causal estimates or interactions among the system com-
ponents, after accounting for the effects of latent factors. Bernanke et al. (2005b)
considered a similar problem using factor augmented vector autoregressive (FAVAR)
models. The authors proposed to model the joint process [(F"), (X')']" as a vector
autoregression, with the restriction that there is no effect from {X*} to {F*}. Since
the process of factors is unobserved, the modeling strategy amounts to iteratively
estimating the factors and using them in the VAR model. The method relies on con-
sistent estimation of the number of factors and testing the restrictions imposed by the
factor structure. Our approach of modeling the transition matrix as a combination
of sparse and low-rank component does not require estimating the number of fac-

tors or the factor process separately and provides a framework for jointly estimating
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the common effects of the market and interactions among the system components.
Further, the theory presented in the subsequent section can be easily generalized for
appoximately sparse and low-rank matrices, capturing a broader model class.

Low rank approximation of a given matrix is a popular technique of dimension
reduction in many areas of science and engineering (Fazel, 2002), including matrix
completion problems, principal component analysis and factor analysis. In recent
years, decomposing a given matrix into sparse and low-rank component has gained
considerable interest, with applications in video surveillance (Candés et al., 2011),
neuroimaging and recommender systems. Finding the best low-rank plus sparse rep-
resentation of an observed matrix via rank constrained optimization is computation-
ally expensive due to the nonconvex nature of the problem. A tractable alternative

commonly used in practice is the convex relaxation

i L, S, v>0 5.8
i L+ S ¥ (53)

where the nuclear/trace norm (sum of singular values of a matrix) serves as a sur-
rogate for the rank constraint and the ¢; norm serves as a surrogate for the sparsity
constraint. Several algorithms for solving the above optimization problem have been
propsed in the literature, including semidefinite programming ( Chandrasekaran et al.,
2011) and alternating direction method of multipliers (Yuan and Yang, 2009).

In many noisy settings such as ours, the matrix A is not observed and needs to
be estimated from data. An example closely related to our problem is the problem
of Gaussian graphical model selection in the presence of latent variables from inde-
pendent samples (Chandrasekaran et al., 2012). Some other applications in factor
analysis and multi-task regression has been covered in Agarwal et al. (2012). To the
best of our knowledge, the properties of these estimators have not been studied in

the context of time series and dependent data.
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5.3 Estimation Procedure

Based on the data {X°, ..., X7} generated according to the model (5.5), we form

the autoregressive design

(XT)/ (XT—l)/ (ET),
= : A+ : (5.9)
(X1 (X?) (€)'

This is a linear regression problem with N = T samples and ¢ = p? variables. The
goal is to estimate L° and S° with high accuracy when N < p?.

There is an inherent identifiability issue in the estimation of (5.5). Suppose the
low-rank component L° itself is s-sparse and the sparse component S° is of rank r.
In that scenario, we cannot hope for any method to estimate L° and S° separately
without imposing any further constraints. So, a minimal condition for low-rank and
sparse recovery is that the low rank part should not be too sparse and the sparse part
should not be low-rank.

This issue has been addressed in the literature by several authors ( Chandrasekaran
et al., 2011; Candes et al., 2011). By and large, all the authors propose to ensure
the above identifiability under some form of incoherence type condition. These con-
ditions serve as sufficient conditions for exact recovery of the low rank and the sparse
component by solving the convex program (5.8). In a recent paper, Agarwal et al.
(2012) showed that in a noisy setting where exact recovery of the two components
is impossible, it is still possible to achieve good approximation under comparatively
mild assumption. In particular, they formulated a general measure of the radius of
nonidentifiability of the problem and established a non-asymptotic upper bound on
the approximation error

IL = LOfI3 + 115 = S°l7 (5.10)
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which depend on this radius. The key idea is to allow for sparse and low-rank ma-
trices in the model, but controlling for the error introduced. We refer the readers to
the above paper for a more detailed discussion on this notion of non-identifiability.
The low-rank and sparse decomposition problem under restrictions on the radius of

nonidentifiability takes the form

A A . 1
(L', 5”) = argmin =
L,SERPXP:|S | max<ar/p 2

|V = X(L+ S)||% 4+ ALl + pn S (5.11)

where \y, pn are non-negative tuning parameters controlling the regularization of
sparse and low-rank part. The parameter « controls for degree of non-identifiable

matrices allowed in the model class.

5.4 Theoretical Properties

In this section, we derive a non-asymptotic upper bound on the estimation error
of the low-rank and sparse components of the transition matrix. The main result
shows that consistent estimation is possible with a sample size of the order N ~
pM?(fx)/m?(fx), as long as the process { X'} is stable, stationary and the radius of
nonidentifiability, as measured by ||SY||mayx is small in an appropriate sense.

We build upon the results of Agarwal et al. (2012) for fixed X and E. In par-
ticular, it follows from Corollary 1 of the above paper that for a single realization
of {X° ..., XT} for any a > [|S%|max, if Yv = Apin(X’X) > 0, then any solution

(L, S) of the convex program (5.11) with

VIVINTe"
Ay > A XE|, iy > A X E | + —

(5.12)
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satisfies, for some universal positive constants ¢; > 0,

R . )\2 ,U2
L= L0+ 118 = S°l < a5 + s (5.13)

In order to obtain meaningful results in the context of our problem, we need upper
bounds on |X'E|| and ||X"E||max and a lower bound on A, (X’X) that hold with
high probability. In the context of time series where all the entries of the matrix
X are dependent on each other, it is a non-trivial task to establish such deviation
bounds. The main technical contribution of this chapter is to derive these deviation
bounds, which lead to meaningful analysis in the context of VAR. The results rely on

the measure of stability defined in Chapter IV and an analysis of the joint spectrum

of {X* '} and {¢'}.

Proposition V.1. Consider a random realization of {X°,..., X7} generated accord-

ing to a stable VAR(1) process (5.5) and form the autoregressive design (5.9). Define

B(A,20) = Amax(Z0) [1 ; M]

Nmin(A)
Then there exist universal positive constants c¢; > 0 such that

1. for N 77 p,

P [HX’E/NH > cod(A, Ee)\/p/N} < ¢ exp [—cz log ]

and for any N - logp,

P|[|X'E/N ||max > coqb(A,EE)\/logp/N} < ¢y exp [—czlog p)
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2. for N 2 pM?(fx)/m*(fx),

Amin (Ee>

P | Apin (XX /N) >
(X°X/N) e (A)

< ¢p exp [—c log p]
Using the above deviation bounds in the non-asymptotic error (5.13), we obtain
the final result for approximate recovery of the low-rank and the sparse components

using nuclear and ¢; norm relaxation, as shown next.

Proposition V.2. Consider the setup of Proposition V.1. There exist universal
positive constants ¢; > 0 such that for N = pM?(fx)/m*(fx), for any S° with
159l max < @, any solution (j}, Q) of the program (5.11) satisfies, with probability at

least 1 — ¢ eXp[-CQ logp],

CO¢2(A? EG):Mrznax(A) (Tp + S log p) 32A§11n(26) 80(2

S—SYE+|L-LO% <
|| ||F || ||F — A12nin<26) N /’L12nax("4> p2

(5.14)

Remarks. The error bound presented in the above proposition consists of two key
terms. The first term is the error of estimation emanating from randomness in the
data and limited sample capacity. For a given model, this error goes to zero as the
sample size increases. The second term represents the error due to the unidentifiability
of the problem. This is more fundamental to the structure of the true low-rank and
sparse components, depends only on the model parameters and does not change with
sample size.

The error in estimation again consists of two terms - the second term (rp +
slogp)/N consists of the dimensionality parameters and matches the parametric con-

vergence rates for independent observations. The effect of dependence in the data

CO¢2 (szﬁ)ugnax ('A)

A2 () . As we discussed in

is captured through the first part of the term:
chapter IV, this term is larger when the spectral density is more spiky, indicating a

stronger temporal and cross-sectional dependence in the data.
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Estimation Error | [|[Aors — Allr/IAllr | [[Awasso — Alle/IAllr | I(L+S) = Allp/llAllr | IIL:S]—[L:S]lr

p=30, N=50 7.20(1.16) 1.17(0.09) 0.96(0.07) 0.96(0.10)
p=30, N=100 3.66(0.63) 1.04(0.06) 0.89(0.07) 0.90(0.15)
p=30, N=200 2.30(0.26) 0.93(0.05) 0.76(0.07) 0.77(0.10)
p=30, N=300 1.83(0.21) 0.87(0.06) 0.69(0.06) 0.73(0.08)
p=30, N=500 1.39(0.21) 0.79(0.05) 0.62(0.06) 0.62(0.09)
p=50, N=50 1.27(0.11) 1.01(0.05) 1.10(0.08)
p=50, N=100 6.52(0 52) 1.12(0.08) 0.96(0.05) 1.05(0.08)
p=50, N=200 3.80(0.38) 1.02(0.06) 0.87(0.06) 0.93(0.09)
p=50, N=300 2.90(0.23) 0.97(0.03) 0.80(0.04) 0.89(0.06)
p=50, N=500 2.14(0 21) 0.90(0.06) 0.73(0.06) 0.80(0.09)
p=100, N=50 1.37(0.14) 1.03(0.04) 1.33(0.10)
p=100, N=100 1.23(0.13) 1.00(0.02) 1.29(0.09)
p=100, N=200 783(0.54) 1.14(0.07) 0.96(0.03) 1.22(0.08)
p=100, N=300 5.48(0.44) 1.08(0.04) 0.92(0.04) 1.20(0.09)
p=100, N=500 3.84(0.30) 1.01(0.03) 0.86(0.04) 1.11(0.06)

Table 5.1: Estimation Error |A — A|/||A||r of OLS, lasso and low-rank+sparse
estimates of a VAR(1) model X = AX'""! 4+ ¢'. The transition matrix A = L+ S has
a low rank component L of rank 2 and a sparse component S with 2 — 3% non-zero
entries.

5.5 Numerical Experiments

In this section we conduct numerical experiments to assess the performance of low
rank and sparse modeling in VAR analysis and compare it with the performances of
ordinary least squares (OLS) and lasso estimates.

We consider three different VAR(1) models with p = 30, 50 and 100 variables. For
each of these models, we generate N = 50, 100, 200, 300 and 500 observations from a
Gaussian VAR(1) process X! = AX""! 4+ ¢! where A = L+ .S can be decomposed into
a low-rank matrix L of rank 2 and a sparse matrix S with 2 — 3% non-zero entries.
We rescale the entries of A to ensure stability of the process (the spectral radius is
set to p(A) = 0.7) and rescale the error variance so that SNR = 2. We compare
the estimation and in-sample prediction error of the different estimates using two

performance metrics:

1. Estimation Error: HA—AHF/HAHF

2. In-sample Prediction Error: ||V — V||%/|V|%

The tuning parameters for lasso and low-rank plus sparse estimates are chosen ac-

cording to Proposition IV.8 and Equation (5.12). We report median and IQR of the
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Prediction Error OLS lasso low-rank-+sparse

p=30, N=50 | 3.50(0.38) | 1.00(0.02) 0.95(0.03)
p=30, N=100 | 1.53(0.08) | 0.99(0.01) 0.96(0.02)
p=30, N=200 | 1.15(0.04) | 0.99(0.01) 0.96(0.02)
p=30, N=300 | 1.08(0.02) | 0.98(0.01) 0.95(0.02)
p=30, N=500 | 1.03(0.02) | 0.98(0.01) 0.95(0.01)
p=50, N=50 - 1.01(0.02) 0.96(0.02)
p=50, N=100 | 2.51(0.16) | 1.00(0.01) 0.97(0.01)
p=50, N=200 | 1.39(0.04) | 1.00(0.00) 0.97(0.01)
p=50, N=300 | 1.21(0.02) | 0.99(0.00) 0.97(0.01)
p=50, N=500 | 1.10(0.01) | 0.99(0.01) 0.97(0.01)
p=100, N=50 - 1.02(0.01) 0.98(0.01)
p=100, N=100 - 1.01(0.01) 0.98(0.01)
p=100, N=200 | 2.50(0.05) | 1.00(0.00) 0.99(0.01)
p=100, N=300 | 1.66(0.02) | 1.00(0.00) 0.98(0.01)
p=100, N=500 | 1.29(0.01) | 1.00(0.00) 0.98(0.00)

Table 5.2: In-sample prediction error | — Y|%/||V||% of OLS, lasso and low-
rank-+sparse estimates of a VAR(1) model X! = AX'"! + ¢'. The transition matrix
A = L+ S has a low rank component L of rank 2 and a sparse component S with
2 — 3% non-zero entries.

performance metrics from 50 iterations of the above experiments.

The estimation errors are reported in Table 5.1. In all the three settings, we find
that the low-rank plus sparse VAR estimates outperform the estimates using ordinary
least-squares and lasso. Among the three estimates, OLS has the worst estimation
error with a high IQR, whereas the two regularized estimates produce lower estimation
error with low IQR. For p = 30 and N = 50, the median estimation error of OLS
is 7.20 with an IQR of 1.16, whereas lasso has an estimation error of 1.17 with an
IQR of 0.09. The sparse plus low rank estimate has the lowest estimation error of
0.96 with an IQR of 0.07. The estimation errors of all three methods decrease with
increase in sample sizes. We also report the error in estimating separately the low
rank and the sparse components in the last column of Table 5.1.

The in-sample prediction errors of the three estimation methods are reported in
Table 5.2. As in the case with estimation error, we see that low-rank plus sparse VAR
estimates outperform OLS and lasso estimates in terms of prediction error in nearly
all the settings. The prediction error of OLS for p = 30 and N = 50 is 3.50 with an
IQR of 0.38, which indicates that the OLS prediction errors are 3.50 times larger than

the errors from fitting a white noise model to the data (i.e., assuming A = 0). This
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Figure 5.1: Estimated Granger causal networks using lasso and low-rank plus sparse
VAR estimates. The top panel displays the true transition matrix A, its low-rank
component L and the structure of its sparse component S. The bottom panel displays
the structure of the Granger causal networks estimated by lasso (Alasso)y the low—rank

~

plus sparse modeling strategy (S) and the estimated low-rank component (L).

effect of overfitting is lower in the lasso regularized estimates, where the prediction
error (1.00) is of the same order of the white noise model with an IQR of 0.02. By
accounting for a latent low-rank structure of the transition matrix, the low-rank plus
sparse estimates produce a lower prediction error of 0.95 with an IQR of 0.03. The
results of the other settings are qualitatively similar.

In addition to its improved estimation and prediction performance, the low-rank
plus sparse modeling strategy help recover the underlying Granger causal network
after accounting for the latent structure. In Figure 5.1, we demonstrate this using a
VAR(1) model with p =50 and N = 500. The top panel displays the true transition
matrix A, its low-rank component L and the strucure of its sparse component S.
The bottom panel displays the structure of the Granger causal networks estimated
by lasso (Alasso)a the low-rank plus sparse modeling strategy (3 ) and the estimated

low-rank component (L). As predicted by the theory, we see that the lasso estimate

of the Granger causal network, Alasso, selects many false positives due to its failure to
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account for the latent structure. On the other hand, the low-rank plus sparse estimate
S provides a sparser estimate of the network with significantly less false positives.

It is interesting to note that the estimation performance of the regularized esti-
mates in low-rank plus sparse VAR models is worse than the performance of lasso in
sparse VAR models presented in Chapter IV, even for the same sample sizes. This
is in line with the error bounds presented in Proposition V.2. The estimation error
in low-rank plus sparse models is of the order of O(rp + slogp)/N while the error of
lasso in sparse VAR models scales at a faster rate of O(slogp/N). This can also be
viewed in the factor model examples of Section 5.1. Using the notation of (5.1) and
(5.3), a s-sparse VAR requires estimating s parameters in .S while the presence of r

factors introduces an additional rp parameters in the loading matrix A.

5.6 Technical Results

Proof of Proposition V.1. 1. We want to find upper bounds on ||X"E/N || nax and
|X'E/N]| that hold wih high probability. Note that such an upper bound for
|X'E/N||max has already been derived in Proposition IV.10. Here we adopt
a different technique that takes a unified approach to provide upper bounds
on both quantities. To this end, note that the two norms have the following
representations

1 1 1 1
—[|X'E|| = sup —u'X'Ev, —||X'E|lmax = sup —u'X'FEv
N u,peSP—1 N N * u,v€f{er,....ep} N

For any given u,v € SP~!, we first provide a bound on /(X’E/N)v. Note that

1
NU'X’EU = | Xu+ Ev|)* — | Xu® — | Evl|]

1
W“
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Consider the univariate stochastic processes {v/ X' '}, {v'¢!} and {v/X'7! +
v'e'}. The vectors Xu, Fv and Xu + Ev can be viewed as data matrices (see
Section 4.2) with N consecutive observations from the above three processes.
Also Var(u' X! + v'e") = Var(u/X*!) + Var(v'e’) [since Cov(X1 €') = 0].
This implies

2 1
‘Nu’X’EU‘ < ‘NHXu + Ev||* — Var(uv' X' + €)

1
+ ‘NHXuH? — Var(u' X"1)

1
+ ‘NHEUW — Var(e)

So it is enough to derive deviation bounds for each of the three terms on the

right.

We will use Proposition IV.4 to derive these deviation bounds. For this, we
will need the spectral densities of the three processes. By Lemma 5.6.1 and
the fact that fu/x(0) = v’ fx(0)u for any p-dimensional stationary process { X'}

satisfying assumption IV.1 and any u € RP, we have

M(fuxs) < Mi(f) < S
M(fv’et) S M(fe) S Amax(ze)

Amax(Ze) fomasx (A) Amax (2c)
M(fu’Xt*1+v’et> < m + Amax(ze) +2 ,umin(A)

Applying the first inequality of IV.4 on each of the three terms on the right

leads to the following deviation bound
P [/ (X' E/N)v| > 2mné(A, E.)] < 6exp [—cN min{n, n°}] (5.15)

for any u,v € SP~! and any 1 > 0.
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To derive the deviation bound on ||X’E/N||max, we simply take a union bound

over the p? possible choices of u,v € {e1,ea,...,¢e,}. This leads to

P[[|X"E/N|lmax > 2m0¢(A, 2c)] < 6 exp [~cN min{n, n*} + 2log p]

Since N = p, we can set n = /(24 ¢1)logp/cN so that n < 1 (ie., n* < n)

will be satisfied for large enough N. This implies that

P[|X E/N||max > cod(A, Xe)] < ¢q exp [—cq log p]

for some universal constants ¢; > 0.

To derive the deviation bound on the spectral norm, we discretize the unit ball
SP~! using an e-net N of cardinality at most (1 + 2/€)?. An argument along

the line of Lemma 4.8.7 then shows that for a small enough ¢ > 0,

sup | (X'E/N)v| < K sup |[u'(X'E/N)v|

u,veSP—1 u,veN

for some constant K > 1, possibly dependent on €. As before, taking a union

bound over the (1 + 2/€)? choices of u and v, we get

P[|X'E/N| > 2rKn¢(A, )] < 6 exp [—cN min{n, n°} + 2plog(1 + 2/e)]

Since N 5 p, choosing n = \/(c1 + 2log(1 + 2/€))p/cN ensures < 1 for large

enough N. Setting n as above concludes the proof.

. We want to obtain a lower bound on the minimum eigenvalue of X’X'/N that

holds with high probability.

Since Apin (X’X/N) = inf,cer—1 V' (X' X /N)v, we start with the single deviation
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bound of Proposition IV .4
P[v' (X' X /N = Tx(0))v] > 2mpM(fx)] < 2exp [—cN min{n, n°}]

for any v € SP~* and n > 0.

The next step is to extend this single deviation bound uniformly on the set SP~.
As in the proof of part 1, we construct a e-net of cardinality at most (1 + 2/¢)P
and approximate the quadratic form using its values on the net. This yields the

following deviation bound

(2t

for some constant K > 1. Seting n = m(fx)/4K7M(fx) < 1 and noting that
N = M?(fx)/m*(fx)p, we conclude

]P’{sup

veSp—1

> QKWUM(fX)] < 2exp [—CN min{7n,n*} + plog (1 + %)}

P { sup [V (X'X/N —Tx(0))v| > m(fX)/Q} < ¢gexp [—c; log p]

veSp—1

The result follows from the lower bound on m(fx) presented in (4.24) and the
fact that v'T'x(0)v > m(fx) for all v € SP71.

]

Lemma 5.6.1. Consider a stable VAR(1) process X' = AX" + € with error process

{e'} satisfying assumption (IV.1). Then

1. The spectral density of the joint process W' = [(X*71), (€] is given by

fx(9) e? fx (0).A*(e”)
e A(e”) fx (6) fe(0)

fw(0) =
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2. For any u,v € SP7L, the spectral density of w' = w' X1 + v'e’ satisfies

Amax (Ee)
< AT
Hmin (A)

:umax (A) AmaX (26)

M (fw) Hmin (»A)

+ Amax(zs) + 2

(5.16)

Proof. 1. The autocovariance function of the process {W*'} is given by

Xt—l Xt—1+s
F'w(s) = Cov t , "
€ €T
Fx(S) Fx<8+2)—rx(8+1)A,
Ix(s—2)—Al'x(s—1) [e(s)

since €% = X1t — AX™S and € = X! — AX?. Then it is easy to see that
the diagonal blocks of the spectral density of fi(0) are precisely fx(#) and
fe(0). The upper off-diagonal block is

1 o0
2
l=—00

= fx() — ey (0)A

— €2i0fX(9) (I . e—iGA/)

Tx(1+2) —Tx(+1)A e

= L) A ()

Since the spectral density matrix is Hermitian, the lower off-diagonal block is

the conjugate transpose of the above.
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2. Since w' = [u/v'|W?, the spectral density of {w'} is given by

ful8) = {u Uf]fww !

v
= fx(O)u+ V' f.(0)v + 20U fx (0) A" (e)v + e 200 A(e®) fx (0)u
< M(fX)+M(f6)+2M(fX)Mmax(A>

where the last term comes from applying Cauchy-Schwartz inequality on the

cross-product terms. The result follows by substituing the bounds in (4.24).

]
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