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Vector autoregressive (VAR) models aim to capture linear temporal in-
terdependencies among multiple time series. They have been widely used in
macroeconomics and financial econometrics and more recently have found
novel applications in functional genomics and neuroscience. These applica-
tions have also accentuated the need to investigate the behavior of the VAR
model in a high-dimensional regime, which will provide novel insights into
the role of temporal dependence for regularized estimates of the models pa-
rameters. However, hardly anything is known regarding posterior model se-
lection consistency for Bayesian VAR models in such regimes.

In this work, we develop a pseudo-likelihood based Bayesian approach
for consistent variable selection in high-dimensional VAR models by consid-
ering hierarchical normal priors on the autoregressive coefficients, as well as
on the model space. We establish strong selection consistency of the proposed
method, namely that the posterior probability assigned to the true underlying
VAR model converges to one under high-dimensional scaling where the di-
mension p of the VAR system grows nearly exponentially with the sample
size n.

Further, the result is established under mild regularity conditions on the
problem parameters. Finally, as a by-product of these results, we also es-
tablish strong selection consistency for the sparse high-dimensional linear
regression model with serially correlated regressors and errors.

1. Introduction. Modeling a large panel of time series is an important task in many
fields, including macroeconomic modeling Stock and Watson (2005), identification of regu-
latory networks in functional genomics Michailidis and d’ Alché-Buc (2013) and brain con-
nectivities from neuroimaging data Seth, Barrett and Barnett (2015). A popular and flexible
model is that of Vector Autoregressions (VAR) that represents the current values of each time
series as a linear function of the first d-lags of itself and the other time series under consid-
eration, plus a serially uncorrelated error term. Due to the importance of the VAR model in
economic policy analysis (Sims (1980)), its statistical properties have been thoroughly ex-
plored in the econometrics literature for low-dimensional settings (Liitkepohl (2005)). How-
ever, new applications in genomics and neuroscience, as well as the realization by macroe-
conomic modelers that VAR models based on a small number of variables (time series) lead
to estimates that contradict basic tenets of economic theory, accentuated the need to examine
VAR models in high-dimensional settings. An in-depth theoretical analysis of the model for
Gaussian data under a sparsity assumption and using an £; penalty term was provided in Basu
and Michailidis (2015), while follow-up work extended the results to other penalties Melnyk
and Banerjee (2016), to strategies for selecting the number of lags Nicholson, Matteson and
Bien (2017) and to incorporating exogenous variables Lin and Michailidis (2017). Key is-
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sues that this line of work addressed was the role of temporal dependence on the estimates of
the model parameters, together with providing technical tools (appropriately modified con-
centration inequalities for the resulting design matrix and with the error term) to handle this
dependence (see Proposition 2.4 in Basu and Michailidis (2015)).

On the other hand, Bayesian approaches for analyzing medium and large size VAR mod-
els have been quite extensively used in empirical work in macroeconomic modeling and
forecasting (e.g. Baribura, Giannone and Reichlin (2010), De Mol, Giannone and Reichlin
(2008), Robertson and Tallman (1999), Sims and Zha (1998)). However, a detailed theo-
retical investigation of Bayesian variable selection procedures for the VAR parameters in
modern high-dimensional settings has not been undertaken. This is in contrast to Bayesian
variable selection for high-dimensional linear regression models with independent and iden-
tically distributed observations, where a rich literature exists; for example, see Bondell and
Reich (2012), Brown, Vannucci and Fearn (2002), George and Foster (2000), Ishwaran and
Rao (2005), Johnson and Rossell (2012), Kinney and Dunson (2007), Liang et al. (2008),
Narisetty and He (2014), Song and Liang (2015) to name a few. Almost all of these meth-
ods consider a hierarchical prior structure, where given a set of active regression coefficients,
a concentrated prior around zero (spike) is placed on the set of inactive coefficients, and a
diffused prior (slab) is placed on the set of active coefficients. An appropriate prior distri-
bution is then chosen for the activity pattern of coefficients; one common choice is to in-
dependently assign each coefficient to be active or inactive with a common probability. The
high-dimensional consistency properties of these methods have been extensively studied; see,
for example, Bondell and Reich (2012), Casella et al. (2009), Castillo, Schmidt-Hieber and
van der Vaart (2015), Narisetty and He (2014), Shin, Bhattacharya and Johnson (2018) and
references therein. In this line of work, roughly three major notions of posterior selection
consistency emerge. The first is pairwise or posterior ratio consistency (Casella et al. (2009)),
which implies that the ratio of the posterior probabilities of any nontrue model and the true
model goes to zero. The second notion is model selection consistency, which implies that
the chosen model (such as the posterior mode or the sparsest model in a credible region)
is equal to the true model with probability converging to one (Bondell and Reich (2012)).
The strongest notion of consistency is strong selection consistency which implies that the
posterior probability of the true model converges to one (Castillo, Schmidt-Hieber and van
der Vaart (2015), Narisetty and He (2014), Shin, Bhattacharya and Johnson (2018)). In all
of the above studies, the results hold when the number of coefficients p grows subexponen-
tially with the sample size n, and the errors are assumed to be independent and identically
distributed (i.i.d.) with a common variance parameter o2,

The VAR model, although related to linear regression, leads to a more complex setting. In
particular, for a p-dimensional stationary time series {X’}, a VAR model of lag-d is given by

d
(1) X'=c+) AX' 46
i=1
The temporal dependence structure of the model is characterized by the p x p transition
matrices A1, Ao, ...,Ay, and ¢ is a p x 1 location vector. In the Gaussian VAR model, the
errors &' are assumed to be independent and identically distributed (i.i.d.) /,(0, X.), with
the error covariance matrix X unknown in most applications. Note that our main parameters
of interest are the transition matrices A1, Aa, ..., Ay, and we treat the error covariance matrix
as an unknown nuisance parameter.
The model in (1) can be rewritten in the Yule—Walker representation (Liitkepohl (2005))
as

d
X' — n= ZAi(Xt_i - [L) -f—é‘t,
i=1
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where u =T —-—A; — Ay — -+ — Ad)_lc is known as the process mean. Usually p will
not be known in advance. In that case, u is estimated by the vector of sample means X =
Y1 X'. Henceforth, we assume without loss of generality that u = 0. Based on the data

{X 0 ..., X T}, we define the response matrix Y and design matrix X as follows:
(xTy x™ e (x Ty
Y=| CoX=| s
dy/ d—1y/ 0y/
(X ) nxp (X ) (X ) nxdp
We can then rewrite the above model in a linear regression setup as
) Y=X®+E,
where
A/
A ")
o=\ |, E= :
: d\/
&
N (¢)

In this formulation, the number of samples is n =T — d + 1 and the number of unknown
parameters in the coefficient matrix ® is ¢ = dp?, respectively.

Although the estimation of the VAR model parameters can be formulated as a linear re-
gression problem using (2), there are significant differences from a technical point of view.
The most important difference is that the resulting (random) design matrix for the VAR model
in (2) exhibits dependencies both between its rows and across its columns, and also with the
error term of the model. Another notable difference is that the single variance parameter o' in
simple linear regression is replaced by the covariance matrix X, of the (multivariate) errors in
the VAR model with p? parameters (we partially alleviate this by using a pseudo-likelihood
which only involves the p diagonal entries of X.; see Section 3). Thus, the presence of
temporal dependence introduces significantly nontrivial technical challenges for establishing
high-dimensional posterior selection consistency.

In this paper, we first propose a pseudo-likelihood based, fully Bayesian approach for
variable selection, and then examine model selection consistency for the VAR model under
the assumption of sparsity in ®. Sparsity in ® is introduced through an “activity graph”
&, which is the direct sum of d p x p matrices of 1’s and 0’s, identifying which entries
of ® are active/inactive. Given &, an appropriate multivariate normal prior is chosen for
the active entries of ®. Under standard regularity assumptions, which include stability of
the true VAR process, uniform boundedness of the eigenvalues of the true error covariance
matrix, and letting p increase at an appropriate subexponential rate with n, we establish
strong selection consistency of our Bayesian variable selection approach, that is, the posterior
probability assigned to the true activity graph converges to one as n — 0o (Theorem 4.2). As
discussed earlier, this is the strongest notion of posterior selection consistency, and implies
model selection consistency, that is, the true activity graph will be the mode of the posterior
distribution with probability tending to 1 as n — oo.

To the best of our knowledge, these variable selection results are the first of their kind for
Bayesian high-dimensional multivariate models exhibiting temporal dependence. We would
like to point out that in our recent work Ghosh, Khare and Michailidis (2019a), the focus
was on posterior estimation consistency for VAR models in a moderate dimensional set-
ting wherein p = o(n), whereas in this study the focus is on high-dimensional settings with
logdp® = o(n). In order to prove our strong selection consistency result, we first obtain
bounds for the Bayes factor of any nontrue activity graph with respect to the true activity
graph. Different bounds are obtained for different types of nontrue activity graphs, through
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involved analysis and leveraging selected concentration inequalities from Basu and Michai-
lidis (2015) and Ghosh, Khare and Michailidis (2019a) to handle the temporal dependence
structure within the design matrix and with the design matrix and the error matrix. Careful
calculations ensure that the sum of the resulting bounds over all the nontrue activity graphs
converges to zero, thereby proving strong selection consistency. Another notable feature of
our strong selection consistency result is its application to linear regression with serially cor-
related predictors and errors (as opposed to i.i.d. errors and predictors considered in previous
work such as Narisetty and He (2014), Shin, Bhattacharya and Johnson (2018)).

The remainder of the paper is organized as follows. In Section 2, we review notions of
stability and interdependence in VAR models. In Section 3, we motivate and describe our
pseudo-likelihood based hierarchical model. In Section 4, we provide the necessary assump-
tions on the underlying true model, and establish our strong selection consistency and estima-
tion consistency results. Based on these results, we provide a framework for estimating the
activity graph and the coefficient matrix in Section 5. In Section 6, we illustrate the results
in Section 4 and the estimation methodology in Section 5 using synthetic data. In Section 7,
as a by-product of our pseudo-likelihood based approach, we establish strong selection con-
sistency for Bayesian linear regression with serially correlated errors. The proofs of the main
theorems are given in the Appendix, while those of all supporting lemmas are in the Supple-
mentary Material (Ghosh, Khare and Michailidis (2021)).

Notation. Throughout the paper, Z, R and C 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 €

R?, v| := /> v? denotes the £;-norm. For a matrix A, ||A|| and omax(A) denote spectral

norm, that is, ||A[l = sup, Hlmlllz and the largest singular value of A, respectively. For a

symmetric or Hermitian matrix A, we denote its maximum and minimum eigenvalues by
Amax (A) and Amin(A). The vector ¢; is used for the ith unit vector in R?. Bold uppercase
letters are only used to denote matrices, and vectorized form of such matrices are represented
by corresponding lower cases. For example, if ® is a p x p matrix then ¢ is vec(®). Also,
O represents a zero-matrix of appropriate dimension, and in general vectors are denoted by
italicized bold lowercase letters. a,, ~ b, if and only if Z—: — ¢ for some constant ¢ > 0 and
an <X by, if and only if a,, = O (by,).

2. Model formulation.

2.1. Preliminaries: Stability of VAR models. Since VAR models are (linear) dynamical
systems, for their analysis we need to establish conditions under which the VAR model in (2)
is stable, that is, the time-series process does not diverge over time. The VAR process {X'}
with lag d is stable and invertible if det(I, — Zflzl A;z') # 0 inside the unit circle of the
complex plane, that is, {z € C: |z| < 1}. It is often convenient to rewrite the VAR model of
lag d in (2) as an equivalent dp-variate VAR model of lag 1, { X'}, where

- Al A - Ag Ay
X' I, 0O - O O
X' = : : A=lO L, - O O and
x!—d+1 : Do : :
L dpx1
o 0 - I, dpxdp
_st—i-l
0
wt: . 9
_0 dpx1
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where A is a dp x dp transition matrix and the new representation becomes
(3) X' =AX"""+&', t=d,....n+d—1.

It follows that X = [ X" +d—2xn+d=3 ... xd=1) where the ith row of X is denoted as a (dp x 1
vector) X X" +d—i—1 The VAR process {X'} (with lag d) is stable if and only if the VAR process
{X 11 is stable (see Basu and Michailidis (2015)), which i is true if all the eigenvalues of A have
absolute value strictly less than 1; that is, max;<;<p |2, (A)| <1.

The autocovariance function of the dp-dimensional centered covariance-stationary time
series {)~( '} (stability guarantees stationarity) is defined as T z(h) = Cov(f( tX thyt hel
and it is invariant in ¢. Also, for the stable VAR process {)N( "1, the (matrix-valued) spectral
density fy is defined by

1
fz0):= o Z Cov(X', X"™)e=h% 9 e [—m, 7]

h=—o00
The maximum and minimum eigenvalues of the spectral density f§ are denoted by
M(f3) = esssup Amax(f3(9)),

oel—m,m]
v) = inf A +(9)).
m(fx) Og?iylrr,ln] max(fx( ))

The largest eigenvalue . (f;) captures the “peak™ of the spectral density and can be used
as a measure of stability of the VAR process. In particular, processes with larger ./ (f%)
are considered less stable. The smallest eigenvalue m(f) captures the dependence among
the univariate components of (X'}. As pointed out in Basu and Michailidis (2015), Proposi-
tion 2.2, it is often easier to work with quantities pmax (&) and umin(&/) which are defined
as

@) fmax (D) = max  Amax (I, — A€®)(I, — Ae ™)) < [1 4 (Win + vou) /2]’

fe[—m,m]
where v;;, = maxj<; de A;;| and = i P 1A;; d
in = l<i<dp 2.j=1 | z]| and Voyt = MaX1<j<dp Zizl | l]laan

Imin () =, {Illn Amin ((Ip —Ale ’9)(Ip _Ae—ie))

> (1= pA)2(P|~2|P~" 2,

®)

and where p(A) is the spectral radius of A and the columns of P correspond to eigenvectors
of A (assuming A is diagonalizable).

We establish additional bounds and properties on ftmax and pmin which will be useful for
understanding their behavior, and verifying the validity of our assumptions for consistency in
various settings, a novel result of independent interest (see Supplementary Material, Sections
S5 and S6).

PROPOSITION 2.1.

(a) Let || - || denote the operator norm. Then
6) pmin() = 1= 2| Al + Amin(A’A),
(b) Let || - ||1 and | - ||co denote the maximum row and column sum norms, respectively.
Then
. 3-.5 d
(7 Mmin () = 7~ (22 1Al + 1A ”oo)-
i=1
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(c) Ifd=1and A=Ais symmetric, then

8) pmax () = (14 p(A))°,
where p(A) is the spectral radius of A. Similarly,
©) pamin () = (1= p(A))*.

Since each & is i.i.d. as Np(0, X¢), each row of X is distributed as 4z, (0, Cx), where

Cx =TI'3(0). The quantities Mmm(&i), ,umax(&? ), the eigenvalues of f; and the eigenvalues
of Cy are related by the following chain of inequalities (see Basu and Michailidis (2015)):

)\min(ze) )\max(ze)
(10) ———=_ fzﬂm(ff() < Amin(Cx) < Amax(Cx) fznﬂ(ff() < —.
/«Lmax Mmm(ﬂ)

3. Bayesian VAR model formulation based on a pseudo-likelihood approach. We
consider a high-dimensional setting wherein the dimension p of the VAR model (2) increases
with the sample size n. In such settings, a popular and effective method to reduce the dimen-
sion of the parameter space is to induce sparsity or zeros in the parameter. Following this
approach, we introduce binary variables y;; to indicate if the (k, £)-th entry of @ is active,
that is, yr¢ = 1(®ie #0) for 1 <k <dp,1 <€ < p. Let & := ((yx¢))dpxp be a matrix of
active positions in ®, henceforth referred to as the “activity graph of ®.”

Given an activity graph &, let v; = v; (%) = ZZ’; | Vki denote the number of nonzero en-

tries in the ith column of &, and (ii = (Pki)k:y;=1 be the v;-dimensional vector of active
coefficients in the ith column of ®. The VAR model (2) can now be written as

(1) inXi(Z,-—I-E,- fori=1,...,p,

where &; and y; correspond to the ith column of E and Y, respectively, and X; is a n x v;
submatrix of X consisting of the columns of X corresponding to the active entries in the ith
column of ®. Let O'iz be the ith diagonal entry of X.. Since the rows of E (i.e., &') are i.i.d.
N5 (0, ), we have that &; ~ A;,(0, 021,).

Note that the vectors yi,y2,...,yp. The joint density of yi,y2,...,y,, or equivalently,
the likelihood function of @, ¥, given the data, is given by

L(¢’Z€|yi’i:15”'vp)

(12) 1 1
= exp( —> tr((Y - X®)Z (Y — X®)’ )
a0 O - X0 - xe))
As mentioned earlier, the main parameter of interest is the coefficient matrix ®, while the
error covariance matrix X, is essentially an unknown nuisance parameter. Keeping this in
mind, we construct a pseudo-likelihood which is equal to the joint density of yi,y2,...,Y,
under the assumption that X is diagonal. In particular, we define

Lpseudo(q)7 Yelyini=1,...,p)

(13) | |
= 7 €Xp _5

JemrIll, o}

The function Lpseudo in (13) has a simpler form than the likelihood function L and only
involves the diagonal entries of X.. This form leads to significant computational simplifica-
tions. For example, under our proposed Bayesian model, the pseudo-posterior probability for
any activity graph can be computed in closed form, as shown in (15) below. On the other

1

an—X@mﬁ
DO,
=1 0;
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hand, it turns out that the regular posterior probabilities computed using the likelihood L in
(12) can in general only be expressed as intractable high-dimensional integrals.

The use of Lyseudo in place of L, of course, comes with a cost. Ignoring the correlations be-
tween the errors leads to a loss of statistical efficiency and raises potential questions regarding
the accuracy of the resulting estimates. However, the main result of the paper (Theorem 4.2)
establishes under mild regularity conditions (which include the assumption that the eigen-
values of the true error covariance matrix are uniformly bounded) that the pseudo-posterior
activity graph density puts all of its mass at the true activity graph generating the data as
n, p — oo. The associated computational gains, along with the consistency result, render the
pseudo-likelihood based approach strongly preferable in the high-dimensional setting con-
sidered in this paper.

Having made the choice to use Lpseudo, We now construct the following hierarchical prior
distribution for (®, &):

$)i 1%, 0% ~ (1 —yjDlg=0+v;il (0, 7%07)
independently for 1 <i <p,1<j <dp

(14) )
i g —V; i g —;
7(@) o [THa}" A = g 1@y emny + 037 (1 = )™ D192
i=1
aiz ~ Inv. Gamma(w;, B;/2) independently fori =1,..., p,
where o2 denotes (012, e 03).

Interpretation of M, g and g: Note that under the prior distribution in (14), each column
of & is a priori independent and identically distributed. Next, we comment on how the hy-
perparameters M, g1 and g shape this common distribution of the columns of &. For each
column of &, the parameter space is the set of dp-dimensional vectors with entries in {0, 1}.
The prior on each column is defined separately on two subsets of the parameter space, as
described below:

e The first subset is the set of realistic vectors, where the number of nonzero entries in the
given column is less than M. On this subset, the probability of each vector is proportional
to q;’z(l — ¢q1)":, where n; denotes the number of nonzero entries in that vector. In this
sense, g1 will be referred to as the edge inclusion probability for realistic vectors.

e The second subset is the set of unrealistic vectors, where the number of nonzero entries
in the given column is greater than M. On this subset, the probability of each vector is
proportional to qu(l — g2)"z, where n, denotes the number of nonzero entries in that
vector. In this sense, g will be referred to as the edge inclusion probability for unrealistic
vectors.

The hyperparameter M, which determines the density (number of nonzeros) of a realistic
vector, will be referred to as the realistic model cutoff size. Models where the number of
nonzero entries in at least one column is larger than M will be referred to as unrealistically
large models. Note that if g2 < g, then we are additionally penalizing unrealistically large
models, that is, models where the number of nonzero entries in at least one column is larger
than M.

In fact, many recent papers with related priors distributions in the context of simple lin-
ear regression and covariance estimation (see Cao, Khare and Ghosh (2020), Narisetty and
He (2014), Shin, Bhattacharya and Johnson (2018)) use a similar structure as the prior dis-
tribution in (14). In particular, they choose M = O(n/log p) and make the extreme choice
q>=0.
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The Bayesian hierarchical model defined by (13) and (14) can be used to infer the activity
graph as follows: by Bayes’ rule, and straightforward computations, the (marginal) pseudo-
posterior graph selection probabilities are given by

npseudo(? | %)

P
(15) ocn(?)//LpseudOGD X lyii=1,...,p)n(®¥, o2 1_[

—1/2 -\ —(5+ai)
<Si + &> ,

n

X/X; Ly

1

i (%)
(@ dp—i Ly
x nq: B - aue) ()

TV/n

n nt?

where
q1 ifvi(%) <M,

%@zhzﬁmazm

Si =

yiyi  yiXi <X§Xz’ L, )‘1 Xiy;
n n n nt n
The pseudo-posterior density 7Tpseudo (¥ | %) is derived in Section S2 of the Supplementary
Material (Ghosh, Khare and Michailidis (2021)). Note that the pseudo-posterior probabilities
Tpseudo (¥ | %) can in principle be used to select the graph by computing the posterior mode

defined by = arg maxg pseudo (¥ | %). However, there are 2dp? possible activity graphs,
and searching over such a large space becomes prohibitively expensive. However, standard
stochastic search ideas combined with a good starting point can be used to perform a targeted
and computationally effective search, as described in detail in Section 5.

4. Theoretical results. In this section, we provide our main consistency result for the
pseudo-likelihood based Bayesian model specified in (13) and (14). As previously mentioned,
we let the dimension p = p, of the VAR model vary with n, so that our results are relevant
in high-dimensional settings. We assume that our data come from the following true VAR
model: for every, n > 1, let %, := (X0, ..., X""t4=1) be the set of observations for sam-
ple size n, which satisfy Xk = 2?21 A,-,OnX"’k_’. +e"k ford <k <n+d — 1. The errors
{e™ K, }”+d Vareiid. Np, (0, X 0,). Further, {®¢,},>1 denotes the sequence of the true coef-
ficient matrices given by ‘I’on [A1.0nA2.0n - - Ag.0n], and {X¢ 0,}n>1 denotes the sequence
of the true error covariance matrices. Let Py denote the probability measure underlying the
true model described above, and &) = &, the true underlying activity graph for the sparse
coefficient matrix ®¢. The quantities pmin (d ), Mmax (Q? ) and Cyx are as defined in Section 2
with @, and X, o, as the underlying parameter values. The maximum number of nonnull
entries within the columns of @, and its minimum signal strength are defined respectively
by

k, := max v; + 1
I<i<p

and s, := inf( i )0 |q~5i j |. The total number of nonzero entries in ®¢, is denoted by §,, that
)i

18, 8, = Zle v;. For ease of exposition, we will henceforth denote ®, as ®p, and X, o, as
Y¢.0, and highlight their dependence on n as needed.

Assumptions for establishing posterior selection consistency: We impose the following
regularity assumptions regarding the parameters of the true model.

AssumPTION A1, Dimald) Jlulogdp _ (1)

Mmin (&)
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ASSUMPTION A2 (Bounded eigenvalues). Thereexist0 < Xi; < Ay < oo and 0 < opip <
Omax < 00 not depending on n such that A1 < Apin(Cx), the maximum eigenvalue of any
principal submatrix of Cx of dimension at most k;,, is uniformly bounded by A;, and opyjn <
)\min(ze,O) =< )\max(zs,O) < Omax-

For ease of exposition, we denote 47 Amax (X e 0) H“mi‘”l‘f{) by %,, and let ¢ be the univer-

sal constant appearing in the Hanson—Wright 1nequa11tr§/ of Vershynin (2018), Theorem 6.2.1.
For the Gaussian case, it can be shown by routine computations that the choice ¢ = 1/256
works.

ASSUMPTION A3 (Rate of decay of edge probability). The realistic model cutoff size
min(omin/4, D min(2 /4, 5,
16%’2 logdp’

is given by M,, = and the edge inclusion probabilities satisfy
8B2kn

I
qdi,n = (dpz) min*1and qQ2.n = q( ogm)*/*

for large enough n, in model prior (14).

Blky logdp+logn 50

2
ns;

ASSUMPTION A4 (Minimum signal strength).

Note that for our analysis, the slab variance 72 is taken to be a fixed positive constant
which does not vary with the sample size n. Next, we briefly comment on the assumptions
and contrast them with relevant assumptions in Basu and Michailidis (2015) and Ghosh,
Khare and Michailidis (2019a).

e Assumption Al states that p can increase at an appropriate subexponential rate as com-
pared to n. This is a much faster rate than the assumption p = o(n) or p = o(n/logn) in
Ghosh, Khare and Michailidis (2019a). Note that we assume that the true parameter ®¢ is
sparse and k,, the maximum number (column-wise) of nonzero entries in ®¢ plays a role
in determining the rate at which p can increase with n. In Ghosh, Khare and Michailidis
(2019a), no sparsity is assumed for ®(, and assumptions bounding the singular values of
®( are needed to establish (estimation) consistency of the posterior distribution of the co-
efficient matrix ®. Assumption Al also ensures that the true VAR process is well behaved
(stability) and the part regarding umin(&f) and pumax (&) allows us to leverage crucial con-
centration inequalities in Ghosh, Khare and Michailidis (2019a) to control the behavior
of X’E and X'X. Also note that the rate at which p increases with n is asymptotically
equivalent to the lasso-rate established in Proposition 4.1 of Basu and Michailidis (2015).

e Assumption A2 is standard in the literature and allows us to bound the minimum and
maximum eigenvalues of the matrix X'X/n away from zero and infinity, respectively, with
high probability. This assumption corresponds to Assumption B3 in Ghosh, Khare and
Michailidis (2019a).

e Assumption A3 provides the realistic model cutoff size M,, as a multiple of %21 ThlS

is very similar to the cutoff sizes used in the context of simple linear regressmn (e.g.,
Narisetty and He (2014), Shin, Bhattacharya and Johnson (2018)), wherein the realistic
model cutoff sizes are multiples o ing, the extra factor

of 982 arises due to the effect of temporal dependence. The rate of decay of the edge
inclusion probability g; , is assumed to be an appropriate power of p. This is again similar
to corresponding assumptions in the context of linear regression (Narisetty and He (2014),
Shin, Bhattacharya and Johnson (2018)). Again, the power of p contains an extra factor of
%,2, which is needed to tackle the temporal dependence in the more complex VAR setting.

e Assumption A4 is again a standard assumption and provides a lower bound for the min-
imum signal strength, that is, the smallest entry (in absolute value) of ®(. Note that we
allow the minimum signal strength to converge to zero as n — 0.
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Next, we establish the main posterior consistency result. In particular, we show that the
posterior mass assigned to the true activity graph & converges to 1 in probability (under the
true model). This notion of consistency is quite powerful and is referred to as strong selection
consistency (see Narisetty and He (2014)).

THEOREM 4.1 (Strong selection consistency). For any centered VAR(d) model (2) with
prior (14) on ®, &, X satisfying Assumptions A1-A4, the following holds:

P
”pseudo((g =% 1Y) =21 asn— 00,

that is, the probability mass placed by the pseudo-posterior on the true activity graph &
converges to 1 as n — o0. In particular, the true activity graph &y is the mode of the posterior
distribution with probability tending to 1 as n — oo.

The above model selection consistency result can be immediately leveraged to obtain the
following estimation consistency result.

THEOREM 4.2 (Estimation consistency rate). For any centered VAR(d) model (2) with
prior (14) on ®,%, X, satisfying Assumptions A1-A4, there exists a constant K (not de-
pending on n) such that

1 () [8,1logd
Eo[npseudo(||<1>—<1>o||p>1< a1 ),/ n 02 p‘?)]ao as n — oo
Mmin (&) n

The estimation rate of 1;“‘.“"‘&(;?),/ On k;lg 9 in the above result is the same as that of the
min
lasso based estimation rate obtained by Basu and Michailidis (2015). Howeyver, there is a

difference in the assumptions needed to obtain the two results. We allow p to grow at a faster
n/(B; kn)y as compared to Basu and Michailidis (2015) (smaller order

than e )). Note that 8, is the total number of nonzero entries in @, which can be much
larger than k, (the maximum number of entries in any column of ®¢). For example, if ®¢
is banded and d = 1, then §,, = pk;,,. On the other hand, Basu and Michailidis (2015) obtain
estimation consistency rates for the VAR lasso directly (without establishing model selection
consistency) and do not need any assumptions on the minimum signal size analogous to
Assumption A4.

rate (smaller order than e
n /(B2

REMARK 4.3. Based on a reviewer’s comment, we explored the possibility of directly
obtaining estimation consistency rates without any assumptions on the minimum signal size
for our Bayesian procedure. After some additional work, we were indeed able to directly
establish estimation consistency rates for ® only under Assumptions A1-A3. However, the
trade-off for removing Assumption A4 is that the estimation consistency rate in Theorem 4.4
grows by a factor of \/k,,, compared to the rate in Theorem 4.2. As stated earlier, in many set-
tings, the total number of nonzero entries in ®¢ grows with n, but &, (the maximum number
of nonzero entries in any column) remains bounded. In these settings, the estimation con-
sistency rate in Theorem 4.4 is the same as the lasso rate. Note that the rate of growth of p
in Theorem 4.4 is always faster than the rate of growth of p for the VAR lasso in Basu and
Michailidis (2015).

THEOREM 4.4 (Estimation consistency rate without minimum signal size assumption).
For any centered VAR(d) model (2) with prior (14) on ®, &, X, satisfying Assumptions Al—
A3, there exists a constant K (not depending on n) such that

1 ) |8k, logd
Eo[npseudo(||<1>—<1>o||F>K o ez ),/ ntn 98 p‘?)]a() as n — oo
Mmin(ﬂ) n
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The proof of the main technical results is provided in the Appendix. Next, we provide a
brief roadmap of the proof, and compare and contrast it with recent strong selection consis-
tency proofs for linear regression in Narisetty and He (2014), and covariance estimation in
Cao, Khare and Ghosh (2019). The proof strategy first bounds the Bayes factor of any non-
true activity graph with respect to the true activity graph &, by a product of p terms, each
corresponding to one of the p variables. Each of these terms is a product of a “prior part”
(depending exclusively on g1 and ¢») and a “data part” (depending exclusively on %). The
high level conceptual plan of attack for the next step is similar to Narisetty and He (2014) and
Cao, Khare and Ghosh (2019): (a) consider three different cases depending on whether the
nontrue model (restricted to each specific variable) is contained in the true model, contains
the true model or neither of the two, and (b) for each case obtain a uniform bound for the
corresponding Bayes factor term over all the variables.

The crucial difference, however lies in the mathematical analysis for implementing this
plan. Note that (11) expresses the observations for the ith variable in the VAR in a linear
regression setup. The vector of observations for the ith variable in the directed acyclic graph
model in Cao, Khare and Ghosh (2019), and all the observations in the simple linear re-
gression model in Narisetty and He (2014), can be similarly expressed in a linear regression
setup, albeit with different design matrices, coefficients and errors. The regression models
corresponding to Cao, Khare and Ghosh (2019), Narisetty and He (2014) either have a non-
random design matrix or a design matrix with i.i.d. sub-Gaussian rows, and the design matrix
is independent of the error vector. On the other hand, the VAR design matrix X; in (11) has
dependencies across both its rows and columns, and also shares dependencies with the er-
ror vector &; in (11). These dependencies significantly complicate the analysis of the “data
part” for all the terms in the Bayes factor, and require a more detailed and involved treat-
ment.

Finally, we show that the sum of bounds over all the nontrue activity graph Bayes fac-
tors converges to zero in probability under the true model, which implies strong selec-
tion consistency. Note that we choose g2, > 0, and do not need to only consider activ-
ity graphs wherein the number of active parameters is bounded by an appropriate func-
tion of n. Such restrictions have been imposed for the strong selection consistency proofs
in Cao, Khare and Ghosh (2019), Narisetty and He (2014), Shin, Bhattacharya and Johnson
(2018).

5. Estimation of model parameters. The estimation of the graph & and the parameter
matrix @ is a two-step procedure. We first estimate & using the mode of the (pseudo) posterior
distribution on the activity graphs, that is,

A

< =arg max Tpseudo (G | ¥)-

Note that the space of activity graphs has 24p? elements, each one corresponding to a can-
didate model. To find the model with the highest (pseudo) posterior probability is compu-
tationally challenging for large p. Although MCMC techniques based on the Gibbs sam-
pler are available (Narisetty and He (2014), George and McCulloch (1997)), we prefer to
use Shotgun Stochastic Search (Hans, Dobra and West (2007)). This is because mpseudo(¥ |
%) is available in closed form and extensive parallel computation (Step 1 of the algo-
rithm stated below) significantly reduces the run time compared to a slow mixing Markov
chain. A brief description of the Bayesian Stochastic Search (Bayesian SSS) algorithm fol-
lows.

VAR Shotgun Stochastic Search (VAR-SSS): Given a graph & of cardinality k, let nbd(¥)
denote the neighborhood containing the following three elements {€F, €0, €}, where €+
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is a set containing neighboring models of dimension k + 1; €° contains models of dimension
k and &~ is a set containing neighboring models of dimension k — 1. We define the score of
a graph & to be its posterior probability without the normalizing constant; that is, S(&) 1~
log pseudo (¥1%/). At the tth iteration, we undertake the following steps:

Step 1 Compute in parallel all S(%) for all € € nbd (€!")), construct {€+, €0, &}.

Step 2 Sample {Z;F, €0, ¢} from {¥F, %" €~} with probabilities proportional to
S(€), normalized within each set.

Step 3 Sample €1+ from (€.}, €0, €~} probabilities proportional to S(%).

Once an estimate of € is obtained, parameter ¢ ;j which is the nonzero component of

the jth column of @ can easily be estimated using the corresponding posterior mean (;S ji=

I, ..
XX+ r—g)—lxg.yj. This is because

y 2 s o Lyt
(16) 319,079 ~ 4, (6.0 (XX,+ ) ).

Note that (;5 ;j does not depend on ajz, and hence the unconditional mean of ¢ j (given the

data % and the graph &) is the same as (i j- In addition, the distribution of é 187 is
available in closed form and given by

: 5 . Y A=Ppy;+ph; I\ -!
Ntn+2aj<1ocat10n = ¢, scale mat. 3J; = 2 n—|—2a; (X/JXJ-F%) >,

L. . . . .
where P; := X (X/ij + T—;)—lx/j, and o, B; are as in (14). Thus, posterior credible in-
tervals can easily be constructed using direct sampling from the noncentral matrix variate ¢
distribution.

6. Performance evaluation. In this section, we evaluate the finite sample performance
of our Bayesian modeling framework. The results in Section 4 provide rigorous justifica-
tion for uncertainty quantification through posterior credible intervals in high-dimensional
settings. To the best of our knowledge, asymptotic validity of post-selection inference (con-
fidence intervals) for lasso based estimates has not been established in the high-dimensional
VAR setting.

We consider a p = 50 dimensional VAR model of lag d = 1. The true parameter A has
spectral radius maxi<; <50 |A; (A1)| = 0.95 with entries generated from U (—10, 10) and edge
density % making it sparse with high signal strength. The error covariance matrix used is

Y. =0’ p and adjusted so that the signal-to-noise ratio SNR = @ = 2. The following
is a 11 x 6 submatrix (which we denote by A within a parenthesis) of the complete true
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transition matrix Ap,

=
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0
0
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0
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—0.33@

The 5 circled entries—(1) through (5)—from submatrix (A;) are selected for subsequent
consideration; that is, calculating their posterior mean, confidence intervals (based on reg-
ularized estimation) and so forth. Next, we generate n = 100 observations from the above
model and first estimate the activity graph & associated with A by the Bayesian SSS algo-
rithm with g1 = g2 = % and 72 = 10%
The nonzero entries are then estimated via their posterior means, as discussed in Section 5
above. We repeat this process 500 times. In one of 500 repetitions, the estimated A by the
posterior mean is given by

. These two choices are discussed later in this section.

1318® 0 0 0 0 0
0 0 0 0 0 0
0 0 0 —1007@ 0 0
0 0 —1.853@ 0 0 0
A 0 0 0 0 0 0
(A1) = 0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 —0.978@
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 —0.336@

It can be seen that the estimates are very close to the true ones. Next, the average estimation
error (||A1 — A1]]), specificity and sensitivity are reported in the comparison table (Table 1),
based on these 500 replicates.

TABLE 1
Performance comparison between VAR-SSS and €1-LL

VAR-SSS £1-LL
Est. Error 0.77 0.81
Sensitivity 0.98 0.97

Specificity 0.99 0.97
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TABLE 2
95% coverage of confidence and credible interval

Coef. serial no. C.L Credible region
@) 83.5 88

©) 91 95.5

©) 90 96.5

@ 88.5 90.5

©) 91 94

True Positive (TP)
TP + False Negative (FN)’
True Negative (TN)
TN + False Positive (FP)
From the above table, it is quite clear that the VAR Shotgun Stochastic Search algorithm

performs better than the frequentist £1-LL in terms of support recovery and the posterior

mean is more accurate than the £ penalized estimate of Aj. The ¢, penalized log-likelihood
estimation (£1-LL) (Lin and Michailidis (2017)) of ® is given by

Sensitivity (SN) =

Specificity (SP) =

ol o —1/2
argmm;”f)€ /(Y—X¢)||2F+Xn|\vec(d>)||l.

This gives the maximum likelihood estimate of ®, based on an estimated sparse X, the
latter obtained using the graphical lasso algorithm. The regularization parameter A,, for both
the £1-LS and ¢1-LL methods is chosen based on the BIC criterion.

Next, we examine posterior credible intervals for the 6 circled entries, together with fre-
quentist confidence intervals obtained from an £;-penalized likelihood. Since the error pro-
cess in this setting has covariance X, = GZI,7 estimation of the VAR parameters can be
obtained by running p separate regressions (see Lin and Michailidis (2017)) of the form
yi=X¢;+§;,1<j=<p,where y; and ¢; are the j-th columns of the response matrix Y
and parameter matrix @, respectlvely The confidence intervals are computed based on the
recent paper by Taylor and Tibshirani (2015) in the context of linear regression using their
R-package selectiveInference. Note that as previously mentioned, the exact form
of such confidence intervals for temporally dependent data is not yet available in the liter-
ature, but nevertheless provide some rough guidance about uncertainty of the VAR model
parameters. We randomly select 4 instances out of 500 iterations and the coverage of both
the credible and confidence intervals for the 5-circled entries (95%) is depicted in Figure 1.
It can be seen that the true parameters are very close to the center of the credible interval
for 4 coefficients and only fail to cover one of them. This is not the case for the confidence
intervals, which in addition fail to cover 2 of the coefficients. The upshot is that with current
technology, the obtained credible intervals offer a good measure of quantifying uncertainty in
sparse high-dimensional VAR models. In the following table (Table 2), we report 95-coverage
percentage (i.e., % of how many times the corresponding interval contains the true parameter)
using 500 replications.

The results in Table 2 indicate that posterior credible region has significantly better cover-
age percentage compared to debiased confidence intervals in the VAR setting.

Finally, before proceeding to study the performance of VAR-SSS in detail, we investi-
gate the scalability and computational speed of the algorithm. One of the attractive features
of shotgun stochastic search procedure is that Step 1 of the algorithm can be extensively
parallelized and there is no sampling involved from conditional distribution. Both of which
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Confidence Interval vs Credible Interval Confidence Interval vs Credible Interval
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0 Interval 0 Interval
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-1 T I _1 T b
. { S ]
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Coefficient serial number Coefficient serial number
(c) Tteration no. 211 (d) Tteration no. 305

FI1G. 1. Comparison between posterior credible and confidence intervals of the 5 circled VAR coefficients. The
true values are denoted by the red dot.

will reduce total runtime significantly. In Table 3, we report computational times (averaged
over 10 iterations) for both the cases when Step 1 has been executed with parallelization (6
cores) and without parallelization, using the Ubuntu 18.04 OS operating system on a machine
equipped with a 2.9 GHz Intel Core i7 8750H processor and 16 GB of total memory.

Model selection performance. Next, we turn our attention to model selection and esti-
mation accuracy of the developed Bayesian procedure. We consider 4 different size VAR
models: Small VAR, Medium VAR, Big VAR and Large VAR corresponding to p =
100, 250, 500, 750, and lag d =1, and p = 50, 125, 250, 400 with lag d = 2, respectively.
For each setting, motivated by the Erdés—Rényi example in the Supplementary Material,
Section S6, we generate transition matrices A; and A, with nonzero entries drawn from
Unif(0, 10) U Unif(—10, 0) and rescaled to ensure that the process is stable with SNR = 2.
The spectral radii of the A;’s are set to 0.90. Further, for each p-dimensional VAR model

TABLE 3
Average runtime of VAR-SSS in minutes

No parallelization With parallelization
p=50 0.12 0.04
p =100 0.44 0.13
p =250 2.81 1.08
p =500 11.23 3.59

p =150 26.74 11.83
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TABLE 4
Sample sizes ny, ny and n3 for each VAR models

Sample sizes

Dimension p ny ny n3
Small VAR 100 25 50 75
Medium VAR 250 30 75 200
Big VAR 500 50 150 300
Large VAR 750 75 200 400

(with lag d = 1, 2) the true transition matrices A1 and A, have 3 different edge densities—
e1 =1/10p, e; = 1/8p, e3 = 1/6p. Next, we generate samples with 3 different sample sizes

from the model X'*! = A; X! + &' where &’ B4 Np(0, ) with X, = Toep(p = 0.50). The
sample sizes n1, ny and n3 corresponding to different VAR models are given in Table 4.

For the VAR-SSS algorithm, the initial activity graph & is selected based on an £ penal-
ized least squares estimate (£1-LS) which does not use X, and is given by

1
arg min - 1Y — X®||% + A, | vec(®) | -

Note that the Bayesian SS algorithm has several hyperparameters—t2, ¢, o; and 8; for
1 <i < p. Throughout this analysis, we set the slab variance to 72 = k’% ando; =1, 8, =
2Vi. The prior edge probability ¢ is set to %. This particular choice is not optimized for any
given problem, but it does reasonably well and intuitively follows the assumption regarding
the magnitude of ¢ that is needed for theoretical guarantees.

We finally compare the performance of VAR-SSS to the ¢1-LL (penalized log-likelihood
estimation as described earlier). All results reported in the subsequent tables are based on
200 replications. We use sensitivity (SN), specificity (SP) and relative error as the criteria to
evaluate the performance of the support recovery and estimation quality of transition matrices
A;. Since the exact contemporaneous dependence is not of primary concern, we omit the
numerical results for X.. The results in Table 5 illustrate the selection performance between
the VAR-SSS and ¢;-LL methods with a contemporaneous correlated error structure.

It can be seen that the VAR-SSS algorithm matches the performance of the maximum
likelihood method (£1-LL) across all settings. Further, as the sample size increases both the
sensitivity and specificity metrics improve. Finally, the estimates of lag d = 2 parameters are
slightly worse than those of the lag d = 1 parameters for both methods.

Estimation consistency. In Table 6, we present the estimation error in Frobenius norm,
that is, ||[®g — <i>1 || for both the VAR-SSS (posterior mean) and £1-LL estimates.

It can be seen that the estimation error decreases with an increase in the number of time
points (sample size) n; further, its values are significantly larger in big and large size VAR
models than in small VAR ones. Regarding the level of sparsity in the true transition matrices,
the results show that for fixed n and p, the more true nonzero entries in A1, the less accurate
the posterior mean and £1-LL estimate become. However, both of them perform equally well.
Next, similar to Tables 5 and 6, we present model selection and estimation performance of the
VAR-SSS by making the spectral radius (of the true transition matrices A; and A,) smaller
and setting it equal to 0.70.

With reduced spectral radius the entries in A and A, are of smaller magnitude, and thus
in Tables 7 and 8 the performance of both the VAR-SSS and ¢;-LL deteriorates compared to
the results depicted in Tables 5 and 6 in terms of model selection and estimation accuracy.
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TABLE 5
Sensitivity and Specificity in VAR(d = 1, 2) with X = Toep(p = 0.80)

VAR-SSS £1-LL

ni nz n3 ni n2 n3

Density SN SP SN SP SN SP SN SP SN SP SN SP

lagd=1
Small VAR el 093 093 093 095 093 096 090 094 092 093 093 0.96
e 093 092 093 092 094 095 091 092 093 092 093 093
e3 091 092 093 093 093 095 090 092 093 093 093 095

Medium VAR el 0972 092 093 092 09 096 093 093 091 093 094 095
e 092 093 091 092 094 093 091 092 093 092 094 0095
e3 091 092 093 093 094 095 092 092 093 093 093 0.96

Big VAR el 091 093 091 093 092 095 091 093 090 093 092 0.96
e 090 092 091 092 094 093 0.89 092 091 092 091 0.95
e3 090 093 090 093 093 094 08 092 090 093 091 095

Large VAR eq 091 093 092 093 093 096 090 093 091 093 093 094
e 091 092 092 092 094 095 090 092 091 092 093 093
e3 0.89 091 09 093 092 095 091 092 091 093 092 0.93

lagd =2
Small VAR el 093 093 093 094 094 1 092 093 092 093 093 0.96
e 092 092 093 093 094 093 092 092 093 092 093 093
e3 092 091 093 093 092 095 093 092 092 092 091 0.95

Medium VAR eq 092 092 093 098 090 095 093 098 090 093 099 0.95
e 092 093 092 092 092 093 09 092 098 092 098 0.95
e3 091 092 093 093 093 094 092 091 098 098 091 094

Big VAR el 091 093 091 092 092 095 090 092 091 092 091 0.95
e 090 092 091 092 094 096 090 092 091 092 0.90 0.96
e3 090 093 090 093 095 094 0.89 092 090 092 091 0.95

Large VAR el 091 093 092 093 093 096 090 093 091 092 093 0.95
e) 090 092 092 092 095 095 090 092 091 092 093 0.93
e3 0.89 091 089 093 092 095 090 092 091 093 092 0.93

7. Extension to stochastic linear regression. In this section, we consider a linear re-
gression setting where both the predictors and the errors exhibit temporal dependence and
are generated by a stationary Gaussian process, but remain independent of each other. We
employ our pseudo-likelihood based methodology to derive high-dimensional consistency
results in this setting. Suppose we have data on n time points, each consisting of p = p,
regressors {xy,;,X2,;,...,Xp,;} and aresponse y;,i =1,2,...n. The n x 1 response vector y
is modeled as

17 y=Xp+¢& wheree~N,(0,X,),
with X being the n x p design matrix whose ith row X = (X155 X205 e+ s xp,i)/ contains the
predictors for the ith observation, 8 = (81, ..., 8 p)/ is the vector of corresponding regression

coefficients and & = (g;);_, is the vector of error terms. We assume that the vectors {X !
come from a p-variate covariance-stationary Gaussian process with finite spectral density
fx(0), that is, the predictors are identically (but not necessarily independently) distributed.
Further, we assume the error process {¢;} to be a univariate centered, covariance-stationary
Gaussian process, with finite spectral density f¢(6). In addition, the errors are assumed to be
independent of the predictors.
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A TABLE 6
Estimation error: ||® — ®q| r in VAR (d = 1, 2) with X = Toep(p = 0.80)

VAR-SSS £1-LL
Density ny ny n3 ny ny n3
Lagd =1

Small VAR (p = 100) eq 0.88 0.79 0.7 0.88 0.78 0.7
e 0.9 0.8 0.7 0.91 0.81 0.71
e3 0.95 0.85 0.76 0.96 0.86 0.75
Medium VAR (p = 250) el 0.9 0.81 0.71 0.91 0.81 0.71
ey 0.93 0.84 0.75 0.92 0.83 0.73

e3 1.1 1 0.89 1.1 1 0.9
Big VAR (p = 500) el 0.95 0.85 0.77 0.96 0.86 0.75

e 1.1 1 0.91 1.1 1.01 0.9
e3 1.79 1.7 1.58 1.77 1.67 1.56
Large VAR (p = 750) eq 0.93 0.84 0.74 0.92 0.81 0.73
e 1.32 1.23 1.11 1.29 1.19 1.08
e3 1.92 1.82 1.72 1.9 1.8 1.69

Lagd =2

Small VAR (p =50) el 0.91 0.82 0.73 0.90 0.8 0.72
e 0.93 0.84 0.74 0.94 0.84 0.75
e3 0.98 0.88 0.79 0.99 0.9 0.79
Medium VAR (p = 125) eq 0.93 0.85 0.75 0.94 0.84 0.74
e 0.96 0.87 0.78 0.94 0.85 0.75
e3 1.13 1.03 0.93 1.13 1.04 0.94
Big VAR (p = 250) el 0.98 0.89 0.8 0.99 0.89 0.79
e 1.13 1.03 0.94 1.13 1.04 0.93
e3 1.81 1.73 1.61 1.79 1.7 1.59
Large VAR (p =400) eq 0.96 0.88 0.77 0.94 0.84 0.75
e 1.34 1.25 1.13 1.31 1.21 1.11
e3 1.95 1.86 1.76 1.92 1.82 1.72

We now consider a high-dimensional setting for this linear regression model, where p > n.
Let y; indicate whether the ith covariate is active in the model or not, that is, y; = 1(8; # 0).
The vector y indicates which covariates are important in predicting the response, and we
refer to it as the active covariate vector. Our goal is to identify the nonzero coefficients to
learn about the active covariates, using the Gaussian likelihood

. o 1 1 /5 —1
(18) LB e i =)= e exp( 50 = XY (v - XB) ).
The parameter of interest is the regression coefficient § and we treat the error covariance
matrix X, as an unknown nuisance parameter. Note that all the diagonals of X, are the
same and denoted by o2. As in the case of the VAR model, we construct the following
pseudo-likelihood by assuming X, is diagonal (with all diagonal entries equal to 062 due
to stationarity of the error process):

1 & ,
(19) Lpseudo(ﬂa ZE | )’i’i = 19 “'7”) = —nexp<_ﬁ Z(yl _Xzﬂ)z)
&

J2mo2 i=1

The function Lpseudo in (19) has a much simpler form than the likelihood function L and
only involves 062 (the diagonal entry of X.). Let v, denote the number of nonzero entries in
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TABLE 7
Sensitivity and Specificity in VAR(d = 1, 2) with X = Toep(p = 0.80)

VAR-SSS ¢-LL

ni na n3 ni ny n3

Density SN SP SN SP SN SP SN SP SN SP SN SP

lagd=1
Small VAR e 096 098 097 099 098 1 097 09 097 097 098 1
e 096 097 097 098 098 1 096 096 097 097 098 0.98
e3 094 095 095 09 096 098 096 096 097 097 098 0.99

Medium VAR eq 096 097 097 098 098 1 096 096 097 097 098 1
ey 095 097 096 099 097 1 096 097 098 098 1 0.99
e3 094 095 095 097 096 099 09 096 097 097 098 0.99

Big VAR eq 094 095 095 09 096 097 095 095 096 096 097 097
e 094 095 095 096 096 097 095 095 096 096 098 0.98
e3 094 093 095 094 096 09 096 095 096 096 097 097

Large VAR eq 095 097 096 099 097 1 095 096 097 097 0.99 0.98
e 093 093 094 095 096 097 095 095 096 096 097 097
e3 092 091 093 093 094 094 094 093 094 094 095 095

lagd =2
Small VAR el 092 095 093 096 094 097 093 091 092 092 093 093
e 092 094 093 095 094 097 092 091 092 092 093 094
e3 09 092 091 093 092 095 092 091 092 092 093 094

Medium VAR eq 092 094 093 095 094 097 092 091 092 092 093 094
ey 091 094 092 09 093 098 092 092 093 093 095 094
e3 09 092 091 094 093 09 092 091 092 092 093 0.94

Big VAR e] 091 093 092 094 093 095 091 092 093 093 094 094
ey 091 093 092 094 093 095 091 092 093 093 095 095
e3 091 091 092 092 093 094 092 092 093 093 094 094

Large VAR eq 092 095 093 097 095 099 091 093 094 094 096 0.95
e 09 091 091 093 093 095 091 092 093 093 094 0.94
e3 0.89 0.89 090 091 092 092 09 090 091 091 093 092

y . We impose the following prior on S, 03 and y:
Bjly. o2~ (1 — yi)lg,=o+v; N (0, 027%) independently for j =1,2,..., p,
200w ocqy” (1 =aDP ™ < +4y" (1 =27 Ly, =),
03 ~ Inv. Gamma(cx, 8/2).

Similar to the Bayesian VAR model, we refer to M as the realistic model cutoff size, and
(91, q2) as the edge inclusion probabilities. Based on the pseudo-likelihood in (19) and the
prior in (20), the pseudo-posterior can easily be calculated and is available in closed form:
g\ XX, L, 712 B\t
@D Tpeuaoly 1906 (1 =) () 7| (s+2) "

where gy, = g1 if v, <M, and g3 if v, > M. X, represents the sub-matrix of X including

n nt?

: e : X, XX, I, X,y
columns corresponding to the active indices in y, S, := £ — 2 (2L 4 —) 1222 The

posterior probabilities 7pseudo (¥ | %) can be used to select the active covariates by computing
the posterior mode defined by p := arg maxy Tpseudo(¥ | %)-
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A TABLE 8
Estimation error: ||® — ®q| r in VAR (d = 1, 2) with X = Toep(p = 0.80)

VAR-SSS £1-LL
Density ny ny n3 ny ny n3
Lagd =1
Small VAR (p = 100) eq 0.89 0.8 0.71 0.9 0.8 0.72
e 0.92 0.82 0.72 0.93 0.83 0.74
e3 0.97 0.86 0.78 0.99 0.89 0.78
Medium VAR (p = 250) el 0.92 0.82 0.73 0.93 0.83 0.73
e 0.94 0.86 0.76 0.94 0.85 0.75
e3 1.12 1.01 0.91 1.12 1.02 0.92
Big VAR (p = 500) el 0.97 0.87 0.78 0.99 0.89 0.78
e 1.12 1.01 0.92 1.12 1.02 0.91
e3 1.8 1.71 1.59 1.78 1.68 1.58
Large VAR (p = 750) eq 0.94 0.86 0.75 0.94 0.83 0.75
e 1.34 1.24 1.13 1.31 1.21 1.1
e3 1.93 1.83 1.73 1.92 1.81 1.71
Lagd =2
Small VAR (p =50) el 0.91 0.82 0.73 0.91 0.82 0.74
e 0.94 0.84 0.74 0.95 0.84 0.75
e3 0.99 0.88 0.8 1 0.9 0.79
Medium VAR (p = 125) eq 0.94 0.84 0.75 0.95 0.84 0.74
ey 0.96 0.88 0.78 0.96 0.87 0.77
e3 1.14 1.03 0.93 1.13 1.04 0.93
Big VAR (p = 250) el 0.99 0.89 0.8 1 0.9 0.79
e 1.14 1.03 0.94 1.13 1.04 0.93
e3 1.82 1.73 1.61 1.8 1.7 1.59
Large VAR (p =400) eq 0.96 0.88 0.77 0.96 0.85 0.76
e 1.36 1.26 1.15 1.32 1.22 1.12
e3 1.95 1.85 1.75 1.93 1.83 1.72

Next, we examine the selection and estimation consistency for the pseudo-likelihood based
approach described above in a high-dimensional setting and allow p = p,, to grow with n. For
each n, the data y,, = (y; »)7_, is assumed to be generated from a true model with regression
coefficient vector By = B ,, and corresponding active covariate vector y such that

yn:XnﬁO,n+€n, en’\’/’/n(oaze,O)'

The rows of X =X, are generated from a p-variate covariance-stationary Gaussian process
with spectral density fx(6), and the entries of &, are generated from a centered univariate
stationary Gaussian process with spectral density fe(0). Let vo = ||Bg ,llo (i.€., the number
of nonnull entries in B ,) and the minimum signal strength is represented respectively by
s, = inf;. Bo, #0 |Bo; |. Let 0, , denote the common covariance matrix of the rows of X,,, and
0’02’ ,, denote the common variance of each coordinate of the stationary error process &,. For
ease of exposition, we will refer to y,, Xy, Bo ,» €n» 0.0, o&n as y, X, By, &, Q. 002,
respectively.

High-dimensional consistency results for the lasso for linear regression with dependent
errors and predictors have been recently established in Basu and Michailidis (2015). To the
best of our knowledge, existing work on high-dimensional selection consistency in Bayesian
linear regression with spike-and-slab priors (George and McCulloch (1997), Ishwaran and
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Rao (2005)), Narisetty and He (2014)) assumes the errors (and also the predictors) to be
independent and identically distributed. We consider a more general setting by allowing both
the predictors and the errors to be drawn from a temporally dependent process. We provide
the main consistency results for stochastic regression below. The proofs of these results are
delegated to Supplementary Material, Section S8.

THEOREM 7.1 (Strong selection consistency). For a centered stochastic linear regres-
sion model (17) with prior (20) on B8, y, (’52 satisfying Assumptions B1-B5 (provided in Sup-
plementary Material, Section S7), the following holds:

P,
npseudo(y =Yol ?)—0) 1 asn— oo.

In particular, the true active covariate vector y is the mode of the (pseudo) posterior
distribution with probability tending to 1 as n — oco.

THEOREM 7.2 (Estimation consistency rate without minimum signal size assumption).
For a centered linear stochastic regression model (17) with prior (20) on B,y, X satisfying
Assumptions B1-B4 (provided in Supplementary Material, Section ST), there exists a constant
K (not depending on n) such that

B0 Mpscaco (18 = ol > K/(l +a ()" EL )| 0

asn — oQ.

REMARK 7.3. The estimation consistency rate for stochastic regression (in Theorem 7.2)
is of the order of /(1 + . (f:))volog p/n. In other words, the radius of the neighbor-
hood around B, on which the posterior asymptotically places all of its mass is of the or-
der of /(1 + 4(f:))volog p/n, which only includes the stability measure . (f,) of the
error process, and does not include the stability measure .Z (fx) of the predictor process.
However, from the proof of Theorem 7.2, it follows that the speed with which the pos-
terior probability of this neighborhood approaches 1 depends on this stability measure.
Nevertheless, Theorem 7.2 is a stronger result than Theorem 4.2, the corresponding es-
timation consistency result for the VAR model; in the latter, the estimation consistency
rate involves the stability measures of the underlying true VAR process (which are con-
nected to the stability of the predictor process in the regression interpretation of the VAR
in (11)).

Note that in the stochastic regression model (17) the error process and the predictor pro-
cess are independent of each other, while in the VAR model (11) the error process and the
predictor process are dependent. This is the key reason for the stronger results that can be
obtained for the stochastic regression model under weaker assumptions. We illustrate this by
focusing on one of the important steps in the estimation consistency proof, which involves
bounding ||&’X;||/n. Using the independence of & and X, in the stochastic regression model,
the term &'X,(X/X,)"!X/e can be bounded by an appropriate x> random variable, and this
can be used to show that ||&'X;|/n = o(s/ M (fe)volog p/n). On the other hand, the lack
of independence of the error process and the predictor process in the VAR model necessi-
tates the use of more complex concentration inequalities to bound the analogous quantity

1€:X;|/n. it can be shown that ||/ X;[|/n = O(H“m"é;)y) U logdp) (see equation (22) in the

Appendix).
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APPENDIX: PROOFS FOR THEOREMS 4.1, 4.2 AND 4.4

Throughout the proof, for ease of presentation we denote Tpseudo (- | %) and IMpseudo (- | %)
by (- | %) and I1(- | %), respectively. Before presenting the proof of the theorems, we first
introduce notation needed in subsequent developments:

o Lett; ={j1,...,jv.} C{l,...,dp} be the set of column indices from X corresponding to
the nonzero positioﬁs of @, ; in the true model and it represents the neighbors of i in the
true activity graph &.

e Similarly, m; = {iy, ..., i,, } represents the same for any candidate model (distinct from
the true model). Given two lactivity graphs &y and &,,,, t; = m; implies the neighbors of i
are identical in both of the graphs (i.e., &y and &,, have the same ith column).

t; m;
1 0
=1 , €, =
0 1
dpxp : dpxp

e Letusdefine d(m;, t;) := Card({t; Um;}\ {¢; Nm;})—number of disagreements in the ith
column between &, and &.
o Total number of disagreements is denoted by D(m, t) and is equal to Zle d(m;,t;).

Let gv.n :=q11(v<m,) + q21{v>m,). Given the true activity graph &, and another arbitrary
graph &,,, we have

(G | Y)
(% | Y)

:§<

Vi d _ . X/ _Xm. Iv L . )
)(Umi_vti)ql)mil (1 _QVmi) p=m; |—mln -+ _n;nﬁ | 172 (Sumi + %)—(%4-011)

X Xy IL Sv,A + bi
i n

dp—vy; 12|—1/2

1
T/ v (1= qv,) XXy

n nt

Since dp2q1 — 0 as n — oo, it follows that

— g\ dP?
(1%>sawwwywﬁsz

1—q
for large enough n. Note that v, <k, < M, for large enough n, and g, < q1. Hence,
17 | Y)
27(% 1Y)
X X Ly, .
* ﬁ(29vm- ><vnli—v,,.) | 2 < Sy, + 2 >(%+a,->
< 1 l
- X} X, Iv. i
i=1 T n | rln . + #|_1/2 Svmi + %
p
=: [ BOmi. t;)

i=1
for large enough n. Here, the inequality follows from the fact that g — 0 and ¢ — O as
n — oo and hence for all large n, ﬁ and ﬁ are bounded below by % Note that for
ti=m;, B(m;,t;) = 1. Recall that for any m C {1, 2, ..., dp}, X;, denotes the submatrix of
the columns of X corresponding to the indices in m.
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Before proving the main result (Theorem 4.1)—a straightforward application of Corol-
lary A.4—first note that by Assumption A2 there exist 0 < opin < omax < 00 and 0 <
A1 < Ay < 0o not depending on n such that omin < Amin(Te,0) < Amax(Te,0) < Omax,
A1 < Amin(Cyx) and the maximum eigenvalue of any principal submatrix of Cx of dimensiqn
at most &, is bounded above by A;. For ease of presentation, denote 47 Amax (X ¢.0) 1t max ()

Hmin ()
by %,,. Define next the following events:

X'X
Gini= {H no Cx

<3, 2logdp},

max n

X'E log dp?
G ::{ ‘ < By | 289D }

N llmax n

P (7o §§ 30,
Eln :=D{ min nl < ;nax} and
logd
By = {H " _Cx,| <4%, M}
5 cn

m: l<\m|<2M

where Py, denotes the projection matrix for the column space of X,,;, and c is a constant that
does not depend on 7.
Let 8, := E1,, N E3,,. We argue below that

(22) P(GinNGypnNE,) —1 asn— oo.

Note that by Lemma B2, Proposition Bl and Proposition B3 of Ghosh, Khare and Michailidis
(2019b), with u = e; and v = e j—the ith and jth unit vector in R4P, respectively, there exists
¢ (not depending on n) such that

X'X A b
IP’( sup eg(——Cx>eJ~ >Mn>
1<i,j<dp n Mmin (&)
n* n
526Xp(—cnmin{I, 5} +210gdp>,

and again by taking unit vectors u = e; € R%” and v =e i €R?

/ 1 o
]P’( sup |e; € >2nkmax(26)|:1 + M}n)
1<i<dp, Mmin (&)
1<j=<p

n* n
< 6exp<—cn min{Z, 5} +10gdp2).

Next, by setting an appropriate n ~ logc—ipz and under Assumption Al we have P(G1 ,) — 1
andP(Gzn)—> 1 asn — oo.

Let o "o denote the ith diagonal entry of the true error covariance matrix X¢ o,. Since

&;/00.i ~ M (0,1,), by applying the Hanson—Wright inequality of Rudelson and Vershynin
(2013) there exists K such that

?(

2
I’lO'OJ-

§& 1‘ - l) < De—cn/64K*
2) = .
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. Tog; _ &g _ 303, . s —cn/64K4 .
That is, —* < 22> < —** happens with probability at least 1 — 2e . By the union-

—cn/64k*

sum inequality and Assumption B.1, we get P(E;,) > 1 —2pe — lasn— oo.
Note that for every m such that 1 < |m| < 2M,,, by Lemma B2 and Proposition Bl of
Ghosh, Khare and Michailidis (2019b), there exists ¢ (not depending on ) such that

> 49, M) < e~ 4vm logdp+2vy log21 < (dp)__?,vm
2 cn

X! X,
@ p(|T ey,
n

for large enough p. It follows by the union-sum inequality that

P(ES,)< Y. (dp)m

m:1<|m|<2M,

Hence, P(83,) — 1 asn — oo.

From now on (unless otherwise mentioned), we restrict attention to the event G1 , N G2, N
&, and for ease of exposition we omit n from the notation of these sets. Next, we analyze the
behavior of B(m;, t;) under different scenarios in a sequence of lemmas (Lemmas A.1-A.3).
Lemma A.1 studies the scenario where the true active neighbors of i (#;) fully contain the
neighbors in the candidate model (m;).

LEMMA A.1. Ifm; Ct; then there exists N1 (not depending on i and G,,) such that for
all n > Ny we have B(m;, t;) < qun(”’i_”’"i)/z.

Lemma A.2 deals with the case when the true active neighbors of i (¢;) are fully contained
in the neighbors of the candidate model (m; ).

LEMMA A.2. Ift; C m; then there exists Ny (not depending on i and &,,) such that for
(Wm; —vy;)/2

alln > Ny we have B(m; , t;) < qy.n

LEMMA A.3. If &, is such that
ti#mi,
ti ¢ m;,
ti Pmj,
then there exists Ng (not depending on G, and i) such that for all n > Ng, B(m;,t;) <
Ui Vi /2 if Vim; > vi;, and B(m;, t;) < qll/n2 if vm, < vy,.

1,n =V

The proofs of the above lemmas are given in Section S3 of the Supplementary Material.
Next, we employ these results to provide a bound on the ratio of the posterior probability for
a nontrue activity graph &,,, and the true activity graph &.
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COROLLARY A.4. For any centered Gaussian stable VAR(d) model (11) with prior (14)
on ®,8, X, satisfying Assumptions A1-A4, for any “nontrue” activity graph &, with n
sufficiently large the following holds:

npseudo(gm 1Y) < (d 2)—2D(m,t)
7Tpseudo(?o YY) —

Here, D(m, t) denotes the total number of disagreements between the two activity graphs,
that is, D(m,t) = Zle d(m;,t;), and d(m;,t;) denotes the number of disagreements be-
tween m; and t;.

PROOF. Note that d(m;,t;) < 2k, (v, — v;;) for vy, > v, and d(m;, t;) < 2k, for
Vm; < v, We will assume without loss of generality that the constants oy and A; in Assump-
tion A2 are bounded above by 1. It follows by Lemmas A.1-A.3 and Assumption A3 that if
we restrict to the event G, N G2, N E, and ¢; # m; then for every n > max{Njy, ..., Ng}

B(m;,t;) < (dpz)_Zd(mi’t[)-
As noted earlier for ¢; = m; we have B(m;, t;) = 1. Hence, for all sufficiently large n,

17(Gn | Y) ﬁ B(

i bi) = . . f. 2\—2D(m,t)
271'(?0'?) m;, t;)= l_[ B(m;, t;) 1_[ B(mlvtl)f(dp) )

ti=m; tiFm; U

A.l. Proof of Theorem 4.1. The proof is a straightforward application of the above
corollary. Given the true activity graph &, the total number of graphs &, such that it

. . . . (dp? . dp? .
differs from &) in exactly j places is i) This is because i can be written as
Dok ( ) (dlj _ kJ ) Now for all sufficiently large n,

1—-n(% | Y) _ Z T(Gn | Y)
7@ D) g 10| D)

(G | )
_Z Z (% |§) {D(m,t)=j}

Jj=18,#%)

It follows that %@%) —-0asn—o00. O



1292 S. GHOSH, K. KHARE AND G. MICHAILIDIS

A.2. Proof of Theorem 4.2. For notational convenience, denote by IMpseudo and Tpseudos
I1,, and 7, respectively. For any n x s submatrix X; of X, P, stands for the projection matrix
X, (X;X;)~1X] onto € (X;) and by P, is defined to be X;(X;X, + 14)~1X{. First, note that
for any n > 0,

Eo(T,{||® — ®ollr > Kn | ¥})
—ZEO 1@ —@ollr > Kn| Y, G ma(C 1Y)

SEO(Hn{II‘I’ —®ollr = Knl ¥, %)) +Eoll (T #% | Y)

By Theorem 4.1, it is enough to prove that Eo(I1,{||® — ®ollF > Kn | ¥, %}) > 0asn —
oo. Henceforth all the analysis is restricted to the true activity graph &. Thus for ease of
exposition we shall use X;, v; and P to denote X, v;, and Pv, , respectively. Next, under the
prior on ®, & and X, in (14) we have

350,07, 9~ (1.7 (X0X, +I"')_1>,

yi(@, — P,y + @-)
) .

(24)

052|?0, % ~~Inv. Gamma <% + o,

Also note that

ad 6, logd
Eo(nn{u@—dmquK * tman () [ o8 p‘? %
onin ()

1+ Mmax(d) 1 1 Vi logdp‘ Z, })
fimin() ) 7

P ld 1+ pmax (A logd
=Eo(nn{2||¢i—¢oi||%zzl<2( T fmax )) vilog p\? %D
i=1

i=1 Mmin (&)

. 14+ (o) [vilogd
< p max Eo( {||¢i—¢0,-||2ZK tmax () [ l08 ”‘?,%})
=p Mmin(ﬂ) n

The proof will conclude by establishing

- 1 o) |vilogd
max EO(“n{”‘bi — ol =K +Mmax£ ) |vilog P‘? % }) <5e” 210gd17
l=i=p ’ Mmin ()

For ease of exposition, we denote 1+“m‘1(’;§;{) VA I(Lg dp by n,.;. since we are only dealing with
Mmin

nonzero components of ¢; in the true model we simplify further the notation of (;),- and q~50i ,
respectively, by ¢; and ¢, . In order to prove the above claim, we first note that

Eou(ll¢; — o, Il = Knn,i | ¥, o)

—Eo(11 1@ - @01} = K3(

= b 77nz Knn,i
<Eoll,( ll¢; — ¢;ll = Y, % ) +Poll$; — o, Il = : Y. %
First, note that
I, o
4 L\ -12XX; + 20)12(¢. — ¢))
lp; —@;ll = o (X;Xl- + 12’) i T g2 i i
T o;
Oj
< ————=lzl,

)Lmin (X/'Xi)

4
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where z is v; x 1 standard normal random vector and the last step follows from (24). Thus,
for any M* > 0,

s, (16, - ill = 2| )
(26) EPQmm( ) ) (||z||>ﬁnn,il<\/%)

+ EoIT, (O', >M*|?)

From (23), there exists n such that for all n > n the first term above is upper bounded by
e—210gdp For the third term, recall from the distribution of al.zl%, % in (16) that (% +o;)~n
and for an appropriate constant cg > 0,

i —Py)yi + Bi @ yida =Py + i

2n - 2n 2n

) &I, — P)E; N b0, Xi (1, — P)X o, N 260, Xi (I, — P)§; LB
- 2n 2n 2n 2n 2n
_EM-P)E B <o
- 2n + 2n + 2n

£& B
< 2t2° - _
— 2n + 2n  2n
< 30max,

where (i) is a direct application of Lemma S1.3 and (S4) in the Supplementary Material; (ii)
is obtained by substituting the true model y; = X; @, + §;. Therefore, the scale parameter

' In—f)v» i . . . . . .
M in the distribution of al-2|f6o, % is of order n. By choosing M* properly (see

Remark S1.1), we can make EoI1,,(0; > M* | %) < e~21°24P for all large n. As for the second
term in (26), first we define z to be a v; x 1 vector with entries i.i.d. .4 (0, 1). It follows from
(Vershynin (2012) Corollary 5.35) and Assumption Al that the second term goes to O as
n — 00. This is due to the fact that for any ¢ > 0,

Izl \/VT ! 1) 20
P[=> |4 —+4+—)<e /2
(ﬁ> n+ﬁ+ﬁ =

Set 12 = 4logdp. Thus, we can select n3 so that for all n > n3 we get L'jﬂ > i K 21

2(M*)2
with probability at most e 21°247 for a large enough choice of K. Moving onto the second
term in (25), we use the following inequalities:

N | N
d; — do, Il = H (x;xi + ;) Xiy; — ¢,

I, \!
=|(xxi+3)

- 1 (||X§.§,~|| n ||¢0i||)
- )“min(X;Xi/”) n nt? )’

b0,
XIXido, + X&; — X/Xidby, — —H




1294 S. GHOSH, K. KHARE AND G. MICHAILIDIS

Therefore,
o Kny.i
Po(1; — 0,1 > ")
1 X'&; lléo. || Knn,i
27) EPO[ : <|| l§l||+ ¢0,2 )Z 77n,li|
Amin(X;X; /n) n nt 2

gpo[xmm( ; )<_1]+P0(|| &l ol n)
n

2 n nt? 4

First, we claim that any column of the true parameter matrix ®q is bounded in £ norm by a
constant not depending on 7. This follows from the stationarity and stability of the underlying
process {X'}. More precisely,

X'=®,X' +&" where X' :=[(X""1) ... (X ] = TIx(0)=®,Cx®+ Z¢o.

By pre- and post-multiplication by the unit vector e; and using Assumption A2 the claim is

now established. This implies ”:S"z” = 0(n,,;) because
) 1 ) 1 )
lipo, |l " _ lpo, n_o_ o, |l o(1).

X — =
nt? Nn,i nt? By \ vilogdp ~— t2%B,/nlogdp

From (23) and by Assumption A1, there exists n4 such that both the probabilities in (27) are
at most e ~21°27 for a large enough choice of K. Hence, for appropriate choice of K > 0, we
have

Eonn(||¢i - ¢Oi | > K’)n,i | ?)
K77n,i
2

K’?n,i
2

< Eotl, (I, — b1 = 7)
< 36—210gdp + 26—210gdp
5
= a2p?
This completes the proof. [

¥ )+ 2o(16; ~ o =

A.3. Proof of Theorem 4.4. Throughout this proof, we will restrict ourselves to the
event G1, N G2, N E,. For notational convenience, let us denote IMpseudo and 7pseudo» re-
spectively, by I1, and m,. For any n x s submatrix X of X, P, stands for the projection
matrix X;(X.X;)~'X! onto €(X;) and by P, is defined to be X;(X/X; + %)—lxg. Note

that
1 d) |8k, logd
nn{||<1>—<1>o||F>K * Honan () [onn 08 p‘?}
Mmin(d) n

1 NP vk, logd
=]'[n{||q)_q)0||%>K2< +Mmax£ )) i—1 Vi;kn 108 p’?}
Mmin () n
?}

p P 1 + tmax () \2 vy ky log dp?
=nn{2||¢,-—¢oi||%>21<2( ) e
i=1
1 A [vgkylogd
<p  max Hn{||¢i_¢0i||2>K +Mmax§ ) Vy; K 108 p‘?}
1<i<p:; >0 Mmin (&) n

i=1 Mmin (d) n
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e 1+,U-max('5j7) Vi kylogdp i .
For ease of exposition, we denote ) \/ . by ;. Let &' denote the ith column
of the activity graph &, for 1 <i < p. It follows by (15) that €', €2, ..., €? are mutually
independent given %, and
. ) vi (%) =172 o\ —(5+a)
(@ 1) o (i) (s 2y
t/n(l = qu ) n
By the arguments preceding (*), we obtain
1@ =mi|Y) _
2 (G =t | )~
Note that the proofs of Lemma A.2 and the part of Lemma A.3 for v, > vy, only use As-
sumptions A1-A3. Since d(m;, t;) < 2k, (v, — v;,) for v, > vy, It follows that

1

X/X; 1,
RN v,
n + nt?

B(m;,t;).

%ﬂn(?’é—mi 2 < (dp?)~20m-to)
(T =t | Y)
Vm; > V.

Next, we focus on the case when v,,;, < vy, with m; # ¢t;. By using arguments at the end
of the proof of Lemma A.1 and in the proof of Case III of Lemma A.3 (without Assumption
A4 and the bound ||¢; el > Vi ome ), We get

17 (@ =mi|Y) _
21 (@ =119) ~

2
<e 108410y ime e—Cl g me |

B(m;,t;)

2 2
< (Con, = Cnll |

for appropriate constants C; > 0 and C; > 0. It follows that if ||@; ¢ [l > C n:,» where C=

,/% + 4, then

17 (@ =mi|Y) _

—4n n% —4vy. ky, —4k,
. <e Vi <(dp) V" <=dp ™.
2my (&' =ti | Y)

Hence, we get
M {ll$; — o, ll2 > Kny, | 7}
=Eo(Tu{ll¢; — bo,ll2 > Kn; | ¥, %'})
= Y Eo(u{li$; — o, ll2 > Ky, | ¥, ' = m;})m, (&' =m;)

m;Vm; <Vy;
+ Y Eo(Ma{lig; — do,ll2 > Kny, | ¥, & =m;})m, (&' = m;)
m; vy, >V,
< max Eo(Iu{ll¢; — o, 2 > Ky, | ¥, %' = m;})

m;: vy, <vy, ”"’fﬁmf <Cny

—|—7Tn(gi=t,')< Z (G =m;) i Z (8 :mi))

. T (T =t)) . m(Ei=t)
m; vy, >V, m,-:vmiSVzi,||¢,imn1l¢\\>Cn,i

IA

max Eo(TL{ll¢; — o, Il > Kny | %, ' =m;})

mi:vml— Evli ) ”¢]l-ﬁm;7 chﬂt,
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+ Z (dp> (dp?) ™ +2(dp)"s (dp)~*

=1
< max  Eo(T{lig; — bo,ll2 > Ky | ¥, & = m;})
m;:Vm; fvti s ||¢tir]m;;' I SCTlti
(dp*)~! 2-1
+ ——4+d .
i@yt H )
Next, we show that there exists NV such that for every n > N, we have
max max  Eo(Mu{lig; — @o,ll2> K11y | ¥, G =m;}) < 2e7 28

1SZP i <vig. 190 ;0me 1<C g
Fix i and m; such that v,, <vy, ||¢,l.mmq|| < C~'n,l. arbitrarily. Let
A Iy -1
/ m; /
¢m,— = <Xm, _[2 ) Xmiyl
Using l|¢g el < Cry; and K > 6C, it follows that

Eoll,(I¢; — ¢l = Ky, | %, &' =m;)

m;

nz
<Eort, (16— b 1= 4 7.5 = m )
(28) : Knily g
+Po( I, = o, 1+ 1o, = =78 =m) )
77t
=[EyIl > ! gl = 1 . S
0 n(ndn Gl = 2l m)+ P

Next, we analyze the terms in (28) separately. For the first term, we note that

I‘)m‘ i n
2
T

;i — by Il =

Oj
<
,/)\'mln(X Xm,)

where z is vy, x 1 standard normal random vector and the last step follows from (16). Note
that v,,, <v; <k,. By Assumption Al, for large enough n, we have that on &3 ,,

< B, |2V, logdp <)\_1-
2 n -2

Using vy,; < vy, it follows that for any M* > 0,

B, (16— byl = 3 195 =m;)

A
< P(uzn > ﬁnm,»K,/S(TL)Z) 4 oy (or > M* | %),

First, we claim that any column of the true parameter matrix ®¢ is bounded in £, norm by a
constant not depending on 7. This follows from the stationarity and stability of the underlying
process {X'}. More precisely,

X'=®,X' +&" where X' :=[(X""1)... (X ] = TI'x(0)=®,Cx®+ Z¢o.

o <X;niXmi +

Oi

—Cx

mi

n

77t,

(29)
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By pre- and post-multiplication by the unit vector e; and using Assumption A2, the claim
is now established. Note that the distribution of crl-z | %,&" = m,; is Inverse-Gamma with

Y@ —Py, )y +Bi
shape parameter (5 + ;) ~ n and scale parameter % Hence,

Y@, =Py, )y + Bi

2
_YiyitBi
- 2
g, + g0, X, X b, + 5
(i)) 3n0max Pi

= 5 +2n )\2||¢0, ”2_{_?

for large enough n. Note that (i) is obtained by substituting the true model y; = X; ¢, + §;,
and (ii) follows by restricting to the event G, N G2, N &,. Therefore, the scale parameter

/' I _131)» i P . . . . 7 . .
M in the distribution of ai2|?, &' = m; is bounded by a constant multiple of n.

Hence, by Remark S1.1 in the Supplementary Material, there exists a constant M* such that
Eoll,(0; > M* | %) <e~21°24P for all large n.

As for the first term in (29), note that z is a v,,; x 1 vector with i.i.d. (0, 1) entries. It
follows from Vershynin (2012), Corollary 5.35, that for any ¢ > 0,

()=

By setting 12 = 4logdp, it follows that % >, K 8(;[—1*)2 with probability at most

e21024p for a large enough choice of K.
Moving onto the second term in (28), note that

N I, \!
T ||=H(X;n,.xmi+r—;) Xo3i — b0,

/ I‘)ml !
X, Xy, +

Since ¢ teom; =0, o, s Il < CTIt, ||¢0 || is uniformly bounded in 7, v,,; < vy, and we
are restricting to the event Gly,, N Ga., N By, 1t follows that

o,

nt?

X;nin‘i¢0t,- + X:ﬂigi B X;"iXmi¢0mi o

A ” lez,ﬂm ¢t,ﬂm ||X;n§,|| ||¢Om ”
1, — o, |_A( - R
2 v, logdp
—<2kzll¢t e +293n,/i)
A n
C~‘177t,

for an appropriate constant C;. Hence for K > 6 max(C, Cy), we have

1 A Kng = — O
Ulm; =Po,, 125"}

This completes the proof.
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