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Abstract

We consider a networked linear dynamical
system with p agents/nodes. We study the
problem of learning the underlying graph of
interactions/dependencies from observations
of the nodal trajectories over a time-interval
T. We present a regularized non-casual con-
sistent estimator for this problem and analyze
its sample complexity over two regimes: (a)
where the interval T' consists of n i.i.d. ob-
servation windows of length 7'/n (restart and
record), and (b) where T is one continuous
observation window (consecutive). Using the
theory of M-estimators, we show that the es-
timator recovers the underlying interactions,
in either regime, in a time-interval that is log-
arithmic in the system size p. To the best of
our knowledge, this is the first work to ana-
lyze the sample complexity of learning linear
dynamical systems driven by unobserved not-
white wide-sense stationary (WSS) inputs.

1 INTRODUCTION

A networked linear dynamical system (LDS) is a net-
work of agents/nodes, each of whose state evolves over
time (in discrete or continuous steps) as a linear func-
tion of an external excitation and the states of its neigh-
boring nodes in the network. The framework of LDS
has been used to model dynamics in systems biology
(Porreca et al. 2008} [Koh et al., [2009), financial mar-
kets (Sandefur, [1990)), energy (Inchauspe et al. [2015]),
transportation (Stathopoulos and Karlaftisl |2003) and
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other critical networks (Ascione et al., 2013; [Kroutikova
et al. 2007). Learning the dependencies, or topology
learning, in a networked LDS is crucial for inference of
influence pathways and subsequent control for the cor-
responding networks. As such, strategies to recover the
underlying network structure from nodal time-series in
LDS have been researched and can be classified into
two categories: active and passive. Active learning in-
volves efficient manipulation or interventions of nodal
dependencies and injecting exogenous inputs into the
LDS to infer the edges in the network by identifying
the resulting changes (Dankers et al., [2015|). Passive
methods, on the other hand, use historical or stream-
ing time-series of nodal states to infer the underlying
topology. Our work falls within the domain of passive
structure estimation. Very few works discuss learning
such systems but are limited to the asymptotic regime
(infinite sample limit). Examples include Materassi
and Salapakal (2012)); Talukdar et al.| (2015} 2020)).

Prior Work: Tractable passive topology learning
in networked LDS and Vector Auto-Regressive pro-
cesses (VAR) has been shown using the framework of
l-regularized regression ((Basu et all|2015; [Loh et al.,
2012) and references therein), where the focus is on
extending the results from the static Lasso or Graphical
Lasso (Tibshiranil (1996} Friedman et al., [2008; [Mein-
shausen and Buhlmann!, [2006) to one with correlated
samples, by showing that properties such as Restricted
strong convexity hold. A similar approach for con-
tinuous time stochastic differential equation has been
studied in Bento et al.| (2010). A graphical model for
VAR processes, without performance guarantees, has
been proposed in [Songsiri et al.| (2010). Least squared
regression based identification of unstable dynamical
systems using a single trajectory has been studied in
Simchowitz et al.| (2018); [Faradonbeh et al.| (2018).
However, these algorithms rely on the assumption that
unobserved exogenous inputs to the system are i.i.d.
or white Gaussian noise, or that the exogenous inputs
are observed (Fattahi and Sojoudi, 2018; [Fattahi et al.|
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2019).

Temporally correlated inputs: Learning networks
excited by temporally correlated inputs is necessary
to extend prior work restricted to learning under i.i.d
inputs. Examples of systems excited by colored in-
puts include power grids, thermal networks of build-
ings (Talukdar et al.| (2020)); [Materassi and Innocenti
(2010)), as well as time-series of air quality, stock mar-
ket, and magnetoencephalography datasets (Dahlhaus,
2000; Tank et al., |2015; Bach and Jordan) [2004).

On learning networked LDS with temporally correlated
but unobserved inputs, [Dahlhaus| (2000)); |[Jung et al.
(2015); Tank et al. (2015) relate the Conditional In-
dependence Graph (CIG) to the support structure of
the inverse Power Spectral Density (PSD) of the states.
However this is insufficient for true topology recov-
ery as the CIG includes additional edges, Materassi
and Salapaka) (2012)). |Talukdar et al.| (2020) presents
a consistent algorithm for exact recovery in this set-
ting using non-causal regression (Wiener filter), that
forms the starting point for the analysis in this article.
Quinn et al.| (2015) recovers the underlying topology
in networked LDS using the framework of directed mu-
tual information. However, these works do not provide
for guarantees in the finite sample regime, aside from
numerical examples.

The overarching goal of this work is thus to provide a
structure learning algorithm for networked LDS driven
by temporally-correlated inputs, with guarantees on its
performance for finite lengths of state trajectories. We
present a reqularized Wiener filter estimator for this
problem and determine the observation window 7" nec-
essary to guarantee correct estimation over two regimes:
(a) where T consists of n i.i.d. observation windows of
length T'/n (restart and record), and (b) where T is
one continuous observation window (consecutive).

The rest of the article is organized as follows. In Section
[2:2] we describe the mathematical model of networked
linear dynamical system and our consistent learning
algorithm. The main results are presented in Theorems
21 23 and 2:2] Section [3] contains results on M-
estimators used in the proof of our theorems, with
sketches of proofs in Section [l Section [f] contains
simulation results, and Section [7]summarizes the article
and includes potential extensions and generalizations.

2 MAIN RESULTS

Consider a graph G = (V, E) of p 4+ 1 nodes in set
V ={1,...,p+ 1} and undirected edge set E C V x V.
We denote the set of two-hop neighbors in G by set Ey,
where Ey = {(i,7)|(ij) € E or 3k, s.t (ik), (jk) € E}
(see Fig. [I). Note that Ej; \ F is the set of ‘strict’
two-hop neighbors in the graph G, that do not form

edges in E. Each node ¢ € V is associated with a
real-valued scalar state variable {x;(k),k € Z} that

evolves in discrete time E| according to the following
linear dynamical equation:

zi(k+1) = huas (k) + >
(ij)EE,j#i

hijxj(k) + ei(k)a (1)

where, {e;(k),k € Z}, is an exogenous input. While
samples of z;(k) are correlated in time due to the
system dynamics, prior work on guaranteed learning
of networked LDS include only temporally uncorre-
lated or white excitations/inputs e;(k). In this work,
we consider e(k)rez = [e1(k)...ep+1(k)]T to be a zero-
mean Wide-Sense Stationary (WSS) Gaussian pro-
cess, uncorrelated across nodes, i.e., Vki, ks, 7 € Z,
Ele(k1)] = Ele(k2)] = 0, and Ele(k; + 7)e(k1)T] =
Ele(ks + 7)e(k2)T]. The time-series vector z(k)rez =
[#1(k)...2p+1(k)]T € RPTL is thus a zero mean jointly
Gaussian WSS processes.

The frequency domain representation of Eq. [I] is ob-
tained by taking the Z-transform (Z[.]) on both sides of
Eq. |1l Substituting z = e/ for a frequency f € [0,27),
and rearranging for X;(f) := Z[z;]|,—c.s, we obtain
the following;:

Xi(f) = Z
(if)E€E,j#i
Hij(f) = [Z[hi)(z = Z[hii)) " omer (i) € E,
Pi(f) = [Zlei)(z — Z[hii]) " locers-

Hi;(£)X;(f) + Pi(f), where,  (2)

Here, H;;(f) is a linear time-invariant filter. Note that
each edge (ij) € E corresponds to non-zero transfer
functions H;; and Hj;, that may be different.

Given time-series of x(k), we define the lagged corre-
lation matrix R,;(7) for 7 € Z, and its Discrete Time
Fourier Transform (DTFT), namely, power spectral
density ®,., at frequency f as

Ra() = E(z(r)a" (0)),

®; = F{R:(r)} = lim »  Ru(r)e”’".  (3)

T=—m

Topology Learning: Consider n state trajectories of
all the nodes in V for the graph G = (V, F) excited by
unobserved WSS (temporally correlated) inputs, such
that the 7" state trajectory (z") has N samples. Let
T =n x N be equal to the total observation window.
For the rt" state trajectory, define the Discrete Fourier
Transform (DFT)E| is

=

-1

2

-1
x
0

X/ = oy (k)e % X7 =

0

7 (k)e ™",

(4)

Lwe discuss extension to continuous time and higher
order models in Section

*computed at frequency f = 22, [ € {0,--- ,N — 1}
unless explicitly mentioned

2~
Il
2~
Il
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step 1 step 2

(a) G(V, E) () (V. Enr) (¢) Topology

Figure 1: Topology Learning: In step 1, the two-hop
neighborhood set Ej/ is estimated using Lemma a).
In step 2, strict two-hop neighbors (red colored edges)
are eliminated from E); using Lemma [2.1|(b)

r € {17 ce

xp, )7, Construct Y = [X},---, X]"]T € C" and
X = [X{,l, - ,XZ”]T € C"*P respectively. We assume
that X and Y are column-normalized, that is,

B
N

oo r r r
Where, ,n}7 :E; — [.’1717"',1‘2'_1,-'172‘_1_1,

“X(*\/’T,Z)HZ <L Vie{l,-.ph (5

Column-normalization is a common data pre-processing
step encountered in practice to scale the nodal state
trajectories prior to regression. Eq. [f]is not necessary
for Eq. [1] to be stable. For any quantity 8 € C, we
use R(B) and J(B) to denote its real and imaginary
components.

We list the following result from Talukdar et al.| (2020)
that enables consistent estimation of all edges in E' (as
described in Figure , using nodal state trajectories.
Lemma 2.1 (Talukdar et al.| (2020))). For i € V of
a well-posed networked LDS, the Wiener filter W; in
Eq. |0 satisfies (a) W[ | # 0 if and only if (ng € En

(b) for (ij) € Enr, S(Wilj]) # 0 if and only of (i) is a
true edge n G.

W; = lim argmln—Hy X835 (6)

n,N— oo Be

The proof of Lemma (see |Talukdar et al.
(2020) for details) follows by showing that W;[j] =
—[®,1(i,4)] 1@, 1(i,4). The result then follows from
algebraic properties of @1 (inverse power spectral den-
sity) derived from Eq. [2l It is worth noting that, in
the time-domain, Eq. [f]is equivalent to a non-causal
regression of the time-series, termed as “Wiener filter”
(Materassi and Salapakal 2012)). This is effectively a
non-causal extension of the connection between the
inverse covariance matrix and the neighborhood regres-
sion used in learning static Gaussian graphical models
(Friedman et al., |2008; Meinshausen and Bithlmann)
2006; |[Ravikumar et al., 2008)).

For the finite sample regime, we study the problem of
estimating edges E such that P[E = E] > 1 — ¢ for
any user-defined threshold € € (0,.5). Estimating ®,

and then inverting it requires significant amount of
data in the high dimensional setting. Instead, we use
a regularized version of Eq. [6] as our graph estimator.

2.1 Regularized Wiener Filter Estimator

We propose a Regularized Wiener Filter Estimator W;
for a node i € V as follows:

1
Wi(N) = argmin o |V = XBJZ + A, (7)
Bece n

where, A > 0 is the regularization parameter. As
B € CP, ||B]l1 is equal to the 1,2-group norm over
[R(B) S(B)]. For thresholds 71, 72, we construct sets

= {D)IWAldl| + W5 ] = 7},

E = {(ij)|(i5) € Ear, [SWili)] + [SWs[i))| > 72} (8)
In the remaining of the article, we find sufficient con-
ditions on n, N and A and fix thresholds such that
P[E = E| > 1 —¢, for given € € (0,0.5).

We consider two settings for the state trajectories:

(i) Restart & Record (i.i.d): The n trajectories
of length N each are independent. Here, we start
recording and then stop recording after collecting NV
measurements. For the next trajectory, we restart the
recording again with a random state initialization and

collect the measurements. Hence it is a process of
restart and record, and {z"}X_; are i.i.d. trajectories.

(ii) Consecutive (non i.i.d): In the second and more
realistic setting, we consider the n state trajectories to
be consecutive, i.e., {#"}_, correspond to N-length
intervals from a single larger trajectory of length n x V.
See Figure. [2] for the two settings considered in this
article.

IengW
xn
=Stop|

—
1 2 eee
(b): |Start= S I = I I
Figure 2: (a) i.i.d trajectories are generated using
restart & record (b) a single trajectory is generated for

the non i.i.d, consecutive setting.

2.2 Main Results

to the finite N in computing X in Eq. 4} as well as the
finite n in estimating W; in Eq.[7} For our analysis, we
consider the following non-zero parameters of the LDS

The error in topology learning (see @ ' arises due
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over graph G = (V, E).

-1 . —_ -1 . —_ ).
L= )\mzn(q)x )7 U - )\maz(q)x )7 d= Iil’éa‘;(degEM(Z),

C>0,6>1, st|Re(r)]2 <C67 ", 7€z

m; = min _|S(W;[4])], m = argminm;. 9)
jlGier i€V

Note that under persistently exciting inputs, ®. is a
positive definite matrix almost surely at all frequencies
(Materassi and Salapaka), [2012)). Further, G is a con-
nected network. Hence, under standard well-posedness
assumptions, (I — H) and ®5' in Eq. |2/ are full-ranked
and L > 0. Using norm bounds for matrix products,
L and U can be bounded in terms of maximum and
minimum eigen-values of (I— H*)(I—H) and ®3'. C,§
relate to the rate of decay of temporal correlation in
the system states. Higher values of C' and §~! imply
greater temporal correlation. d, the maximum degree
due to edges in F)y, is upper-bounded by the square
of the maximum nodal degree in G = (V, E).

The following two theorems bound the errors in estimat-
ing W; by regression (Eq.[7)), for restart & record (i.i.d),
and consecutive (non-i.i.d) trajectories respectively.

Theorem 2.1 (restart & record- squared error). Let
eg > 0,3 €V, 4 M<)\
4CUS™

N > ﬁ, and n > max{ log

S TeUva’
', (3456)2(Z +
0.5)log(2p)d,3(6144)2%2d10g(§—f)(mii) } where the n
trajectories are i.i.d. Then |[Wi(\) — Wil|a < 5t holds
with a probability of at least 1 — €1. ¢, ¢ are universal
positive constants and U, L, C, §, m;, d are defined

in Eq.[9
Theorem 2.2 (consecutive- squared  er-
ror). Let ¢ > 0 such that ¢ > 1% and

. (34+24/3UC(5—1)=1) log(8p/e1)

i € V. For nL elop/al) - <
m; 4CU

A S 1536U/d’ N 2z (1 o~ 1)2’ cmd2 no2z

max {332 log p[% + 0.5 + 4/8 %] 2log(p so—g): (3 +

2UVEUC(S - 1)) (6144 L o (B2 (),

where the n trajectories are mnon-i. id. Then
[Wi(A) = Willa < %t holds with a probability of at
least 1 — €1, where ¢, ¢’ are universal positive constants.
U, L, C, §, m;, d are defined in Eq.[9

Using Theorems [2.1] and we give the correctness of
the thresholding procedure listed in Eq. [8]

Theorem 2.3 (structure learning). Let € > 0, and
N > (410%‘51)2, with constants U, L, C, 6, m, d de-

fined in Eq. @ and universal positive constants c,c .
Construct an undirected edge set En o and E as per
FEq. B with thresholds 7y = 79 = m. Then E = E holds
with a probability of at least 1 — ¢, if

(a) ‘restart & record’ (i.i.d.): A >

_m >
1536Uvd —

2, (3456)*(% +

4\/@
nlL ’
05)10g(2p)d,3(6144)2%d10gTW

4 ) .. . 8
(b) ‘consecutive’ (non-i.i.d.): g W >

(3+24V/3UC(6—1)—1) log(8p2 /e
A > 4\/ (G-1)")log(8p2/e)

+ 0.5 + 4V/8£%)? 210g(p6 =
1) (6144)2 Y- dlog (%) L5 }.

€

andn >

), (3 +

maz {332 log p[ %
24\/3UC(6 — 1)~

The proofs of Theorems [2.1] 2.2 and [2:3] are provided
in Section [4] These proofs are based on the theory of
M-estimators [Negahban et al.| (2012)), for the complex-
valued regression problem. It is worth mentioning that
when the n trajectories are consecutive, i.e., they cor-
respond to a single time-series, the DFT coefficients
computed in Eq. 4] are correlated, as against being i.i.d.
in the ‘restart & record’ setting. The derivation of
sample complexity in the ‘consecutive’ setting requires
concentration results for correlated Gaussian variables,
which are more involved and less sharp than compara-
ble results in the i.i.d. setting, as discussed later. In
the next section, we present the theory of M-estimators
(Negahban et al., |2012)) in the complex domain, neces-
sary to prove our results for correct structure recovery.

3 M-ESTIMATOR BASED
ANALYSIS OF REGULARIZED
WIENER FILTER

The regularized Wiener filter estimator Eq.[7]belongs to
a class of regularized M-estimators. Note that the regu-
larizer (||.||1) in Eq.[7|satisfies decomposability property
with respect to the following complex-valued subspaces:

M = {veCPfjl =0if Wi[j] =0 }, M+ = {v e
CPlv[j] = 0 if W;]j] # 0 } for a node ¢ € V. That is,
lollr = llomlls + lvage |1, where vaq, va e are the pro-

jections of v on M and M=*. We follow the approach
in Negahban et al.| (2012) to bound the error

A :=W;(\) - Wi (10)
Negahban et al.| (2012)) states that two conditions are
sufficient to control the error ||A||2.
2
A2 [ XTY = AW oo
(11)

Eq. ensures that A, defined in Eq. belongs to
the set

First condition (A choice):

D(Wi) ={A € C? [[[Apellr < 3[lAmlla}- (12)
Second condition (restricted eigenvalue property):
1
EHXAI@ > k|| A3, VA € D(W5). (13)

The following proposition, similar to Thegrem 1 in
Negahban et al.| (2012), bounds the error ||A||2.
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Proposition 1. For the regularized Wiener filter esti-
mator defined in Eq. |1, |W; — W;|l2 < (2AVd), when-
ever FEq. and Eq. hold.

For completion, we outline a proof of Eq.[12]and Propo-
sition [I| for complex-valued variables in Section 2 of
the Supplementary material, following the real-valued
analysis in Negahban et al.| (2012).

We now show that Eq. [[1] and Eq. [I3] hold, for both
restart € record (ii.d.) and consecutive (non-i.i.d.)
trajectories. These results are then used to prove The-

orems 211 and 22

Restart & record (i.i.d.) trajectories:

Lemma 3.1. Suppose €3 > 0. Let rows in {X]}7_,
and {X7})_y defined in Eq. || be iid. If X\ >
4/ Bo8UP/es) pen X > 2| XH(Y — XW;)||o holds
with a probability of at least 1 — e3.

Lemma 3.2. Suppose €3 > 0 be given. Let rows in
{XT}r_y and {X’” n_, defined in Eq. 4] be i.i.d. If
n > max{l log ,(3456)%(¥% + 0.5) log(2p)d}, N >
%, then Eq, holds with k =
probability of at least 1 — €.

1 .
3560 with a

The proofs for Lemmas and are provided in
Section [fl and uses concentration bounds for Gaussian
random variables.

Consecutive (non i.i.d.) trajectories:

Lemma 3.3. Suppose e3 > 0. Assume that both
{XTHoy and {X7}_, defined in Eq. are non
iid IfA > 4\/(3+24fUC(6 z) Dlog(tp/es)  phen

A> 2| XH(Y — XW,)||s holds with a probability of at
least 1 — €3.

Lemma 3.4. Suppose e > 0 such that e; > 1;%'

Assume that both {X7})_y and {X7}]_, defined in
Eq. 4| are non i.i.d. Then if n > max{332 logp[% +
0.5 + 4859 1%, 2log (2~ 4)}, N > % then
LIXAZ > k[|Al3, holds for all A € D(W;) with
K= ﬁ, with a probability of at least 1 — €.

The proofs for Lemmas [3.3] and [3-4] are provided in
Section 3 of the Supplementary material.

4 PROOF OF MAIN THEOREMS

To prove the main theorems for structure learning, we
use the M-estimator lemmas from the previous section
for the regularized Wiener filter at each node, under
both i.i.d. and non-i.i.d. trajectories, and then apply
the Union bound for all nodes.

Proof of Theorem[2.1} For n > max{? log 46—0/, (3456)2

(£+0.5)log(2p)d} and N > %, we apply Lemma

with ea = §, then Eq. [[3] holds with proba-
bility of at least 1 — 5. Here, x = With
A >4 m, apply Lemma with €3 =
S, then Eq. . holds with probablhty of at least
1 — 9. It follows from Prop051t10n I that, |W; —
Willa < (3AVd) = (768U\Vd). Take A\ < —

1536UVd "
u? 8 3log(8p/e1) -

For n > 3(6144)>%-dlog(E) ()%, 4 %
W ThuS HW W ||2 < ml holds
with a probability of at least 1 — €;. U

_1
56U *

smaller than

Proof of Theorem[2.3 Here, we combine the results of
Lemma with ez = & and Lemma with e5 = &
The rest of the proof is analogous to proof of Theorem

2T

Proof of Theorem[2.3, (a) ‘restart & record’: Choose
€1 = £. It follows from definition of m, that L > -L

for all i € V. Now n > maz{ %log 4”’ (3456) (L +
05)log(2p)d,  3(6144)* Lad(lo gﬁ(%ﬁ}
4 ML’)HE) < A would satisfy the

n = =

and

m
1536Uv/d
conditions on n and A specified in Theorem [2.1] for a

i € V. Therefore, ||W Will2 < % holds with a proba-
bility of at least 1 — £. Using a umon bound for all the
p-+1 nodes, we have ||%[W¢—Wi]||2 < ||VAV1—W1||2 <%
holds for all 4 € V with a probability of at least
I—Wzl—eforlargep.

Note that if (ij) € E, then |S(W;[j])] > m > 0.
Similarly, for (ij) € E\ En, S(W;[j]) = 0 and for
(ij) ¢ Enr, Wilj] = 0. Expanding ||[W; — W;||a, it can
thus be shown that E derived from EM contains only
the edges in F.

(b) ‘Consecutive’ Using Theorem [2.2] - 2| for every node
1 € V with ¢, = £, the proof is analogous to the proof
of Theorem 23 © O

The next section includes the primary proof techniques
for the M-estimator lemmas in Section Bl

5 PROOFS OF M-ESTIMATOR
LEMMAS FOR ‘RESTART &
RECORD’ (LLD.)
TRAJECTORIES

The regularized regression in Eq. [7] involves working
with complex-valued random variables X;', X< defined

in Eq.[for anode i € V. Their probability distribution
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is as follows,

Xg] ~ N(0,%,), where, (14)
o 1 (N-1)
D, =|.° Ll — = _ —ufq
@ = g q,] N > (N —lgD)Ra(g)e 1.
7,1 7 qu(Nfl)

Thus, X7 ~ N(0,®;) and X ~ N'(0,;). The follow-
ing result bounds the difference between , and @,
(see Eq.|3) for a N-length trajectory, and is used in our
analysis.

Lemma 5.1. If N > 410[({61)2; then || @, — Dy [|s < 50

Moreover, ||®; — ®;2 < 35> and

s vl < v d < [L + L]l|v]l3, Yo € CP.

The proof is provided in Section 1 of the Supplemen-
tary material. Next we prove Lemma [3.1] which gives a
lower bound on A used in the regularized Wiener filter
estimator. On a high level, the proof uses the Gaussian-
ity of the complex-valued error vector £ :=) — XYW,.
We use it to identify the Lipschitz constant associated
with rows of %X Hg and then determine the lower
bound on A using the union bound. O

Proof of Lemma[3d Let £ := Y — XW,;. We show
that 1| X7 €|« is bounded with a high probability
and choose A greater than that bound. Separating
X = Xg + 11X, € =ER+ &, into real and imaginary
parts (specified by subscripts R and I respectively), wi
have

1 H 1 T T gR

- oo<7 oo

Ll < 2 F ) () e
1

a8 ) e a9

n

Let & := with covariance

matrix Ci.

[Er[1] E1]1] ... Er[n] Er[n]]T
Note that if; . = P& for some sym-
metric permutation matrix P, such that its covariance
matrix Co = PC; P. Rewriting ( ?j ) = 021/2 ( Wr )

Wr
. Wr
in Eq. [15, where wr )~ N(0, 1), we have

1, m 1 T T 12 { Wr
—||x o < — oo
Lien < Ly ag ar yel (W) et

1 12 [ Wr

M= gy (e )i ao)

To bound the right side of Eq.[I6] we first show that ei-
ther function is Lipschitz. Consider first f(Wg, Wr) :=

. ‘ w
L(XEG) XTG) )Cé/z( WI; ).Then,

I fF VR Wr) = fFWr, Wo)ll2
1 TN yT(s . 1/2 W;a
< I XEGL) A G ) llalies” s |< W, >|2,

< Z=IPRRIC ||< S >||2,<-.~using Eq.B)

[3( Wa— W,
= e —— 7 17
2nL< Wi — W, >”2 (7

(.- Lemma 3.2 in the Supplementary material).

Thus, f is a Lipschitz function with Lipschitz
constant 1/271%. Using Massart| (2000)’s result on

concentration of Lipschitz functions, we have, for

¢ >0 BG4 G e ()12

/310g( 4p)

< 2exp(— k). Choosing t =
and the union bound for all j € {1,-- ,p,
1 2 WR
we have B AF A7) (0 )j. 2
log( 42
: Orglies)] < g Using a similar analysis,
1 12 { Wr 3log(22)
LA =27 2 )&y () e 2 V25 <
5. Choose A > 4 %. Using the Union bound

on Eq. [16] we have P[L X E|| > A/2] < e5. O

Next we prove Lemma [3:2] which ensures the restricted
eigenvalue property for matrix X' = [X, 1 , X7 "}T
where X7 is computed from the r** trajectory, as de-
fined in Eq [ On a high level, each row in X can be
divided into real and imaginary components, that are
each Gaussian variables with known covariance matri-
ces. The proof then follows by merging bounds on the
restricted eigenvalue property of Gaussian real-valued
matrices.

Proof of Lemma[3.3 Separating into real and imagi-
nary parts, we have:

IXAE _ [[(Xr + e X0)(Ar -+ A5 _ X5 | [1X50]3

n o n o n
(18)

where &) = [Xp — Xj], X2 := [X Xg| and v =

(AT, AT)T.

For simplicity, in this proof we drop the superscript r

in X7 and X{. Note that the rows of X; and X5 are

i.i.d. samples of the real random vectors, [(X7)% —

(X5)HT and [(X;)7 (X7)E)7, respectively. To show
that L|XA|3 > &||Alj3 holds for all A € D(W;) with
high probability, we prove the restricted eigenvalue
propertﬁfor group structured norms on both terms

in Eq. Let ¥ be the covariance of random vector
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(X (XPT]T

Su o Y| _ [El(X9)r(Xp)R] E(X)r(XT]]
= e |
o

oo E(X)r(X)R]  El(X)1(X)7]
Thus, [(X;)% )1]" and [(X5)] (X5)R]" have
means 0 and covariance 1 and Yo, respectively, where,
i11

oo [Sn S 5 [On 5
—Yo1 Yoo |’ Y12 X’

From Eq. (18 [Ally = [vl12 = 35 [lfols] vip +
411%|l2. Consider the following definitions: M, := {c €
R?”| c[i] = 0,¢[p + ] = 0, if (Wi)rli] = 0,(Wi)1[i] = 0},
Mz = {c € R*| c[i] = 0,c[p+i] = 0, if (W;)r[i] #
0,(Wi)rli] # 0} and Do(Wi) = {v € R*| [juyslhre <
3llvamsll1,2}-

Clearly, if A € D(W;), defined in Eq. then v €
Do (W;) and vice versa. For v € Dy, the group norm
lvll1.2 < 4||lvat,ll1,2. Using Cauchy Schwartz inequality
and the definition of bounded degree d, it follows that,
lont 2 < Vel Thus, o]z < 4Valo]». Below
is a result, derived from Negahban et al.|(2012) (Section
5.1) and [Ledoux and Talagrand| (2013) for Gaussian
random matrices.

. Then,

i:

(20)

Lemma 5.2. For any Gaussian random matriz X €
R™*2P with i.i.d. N'(0,%) rows, then there are univer-

sal positive constants c, ¢ such that with probability at
least 1 — ¢ exp(—cn),

X2
NG

where, p(¥) i= max;e1,..pyicqr 2y [B((we, (1)) and
w~N(0,%), veR»*

1
> I 20 - ==

2log (2p)p(X)lvflr2  (21)

We use Eq. with X = &} and X5 to obtain a lower
bound on IXAE ANz 5nq HXz(AT\fAT)T”Q. Note
that, for &, %, and ¥ defined in Egs. L we have
p(E) (El) = p(Z2) = max; [2”]1/2 Usmg the
inequality va?+0? < a+ b < /2(a? + b?) for two
non-negative numbers a,b in Eq. we get that the

following holds with a probability of 1 — 2¢ exp(—cn),
where c, ¢ are universal positive constants,

Al
1 X AR AD Tz | (AR AD 2
v e
> (G015 0l + 153 )—7 2108 @)p(S) olls2]
> VT S - 22/ 2leg Elp(®)lulh 2
> %[i)\mm((21+22)1/2)—ﬂ 2log (2p)p()4Vd]||v||2], using CVXR

(22)

Using Eq. the definition of i); =
= [AT,AT]T | it follows that,

E(X7(X7)™), for

(®)r

0T (14 Bo)v = ATDA (0T 43, = { i
—(®7)1

1 1 1
oA <o (S T < [ LA @)
(. using Lemma[5.1))
Thus, Anin((Z1 + 22)V2) > & and ,?(2) <
pErL + ) < (B + )% = ()Y
< Vit Thus, Bq pis, LlIxals > [k
10g(2p)(g/%+%)4\/>]”AH2. Choose n >
max{ log‘ , (3456)2 (f + 0.5)log(2p)d}, then
\/log 2p 1/L + 2U 4\[ < 16}/U' Hence,
A )
% > 16\/ﬁHAHg, and Eq. holds with £ = 5t

with a probability of at least 1 — €.

The proofs of M-estimator conditions for consecutive
(non-i.i.d.) trajectories (Lemmas 3.3 and follow on
similar lines, albeit with different concentration results,
and are detailed in Section 3 of the supplementary
material.

6 NUMERICAL RESULTS

We demonstrate the numerical implementation of re-
covering topology on a Desktop PC with Intel Xeon
E5-1620 Processor (8x 3.7 GHz) and 32 GB RAM.
We considered a two-dimensional square grid G with
p + 1 nodes and generate samples for Eq. [1| with ex-
ogenous input e(k) = 5sp[w(k) — 0.3w(k — 1)], where
w(k), w(k — 1) are sampled from a standard Normal
distribution, s, € RPFDX(P+1) js a diagonal matrix
containing constants; h € RP+D*(@+1) g o weighted
adjacency matrix. The scaling s, is chosen such that
X and )Y in the estimator are column-normalized.

We reconstruct the topology with a probability of at
least 1 — €, where € = 0.05. The numerical experiments
are conducted in MATLAB R2020b.

For a choice of n, we generate n trajectories, either
independently (restart & record) or taken as consecu-

tive intervals of a larger trajectory (consecutive). Each
trajectory is of length N = %, rounded to the
nearest integer. From the trajectories, we compute

the samples {XT X2}y for all the nodes i € V' at
frequency f =

The Regularized Wiener Filter Estimator is solved
(Grant and Boyd, [2014), with

A 4\/310%% if trajectories are i.i.d, A
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4 (3424+/3UC(6—1)—1) log(8p2? /e)

— if trajectories are non-
i.i.d. The chosen value of A correspond to the minimum
sufficient condition present in Theorem’s [2.3] for the
i.i.d. and consecutive settings, respectively.

After solving for VT/E we construct E =
[ ISV + IS > m} (m defined
in Eq. E[) The relative error in reconstructing the
topology is defined as the sum of false positive and
false negatives. m,;n is the minimum value of n such
that relative error is zero for 45 out of 45 random
trials.

The values of n,,;, for various values of p and 0 for the
iid. and non-ii.d. cases are shown in Figure. 3] In
Figure (b), the correlation strength 6! of the trajec-
tories is high, and consequently NNV is large. For small
0=, the length of each trajectory can be reduced sig-
nificantly for reconstructing the topology. For example,
in Figure c), N is much smaller. Further, n,,;, is
of the order of ~ 107 rather than a more conservative
estimate of ~ 10'% as provided by the main theorems.

Numerical Comparison with prior work: We give
empirical comparison with frequency-domain based
gLasso-estimator in |Jung et al. (2015) and unregular-
ized regression in [Talukdar et al. (2020) for a two-
dimensional square grid containing 16 nodes. Note
that |Jung et al.| (2015)) does not lead to correct recov-
ery as Conditional Independence Graph (CIG) doesn’t
lead to true underlying network. Unlike [Talukdar et al.
(2020), regularization in our algorithm gives improved
exact topology recovery in low sample regime. Figure
[ shows the relative error for different values of . The
error is computed by averaging over 200 random trials
for each algorithm. Further, for € > 0, the fraction of
trials with successful topology reconstruction in our
experiments is higher than 1 — e.

7 EXTENSIONS AND PATH
FORWARD

In this article, we presented a regularized Wiener fil-
ter estimator to learn the structure of a discrete-time
networked LDS. We analyzed the sample complexity
of our estimator and showed that it linearly depends
the logarithm of the number of nodes p in two cases,
one where trajectories of nodal states are collected
in independent observation windows of equal length,
and another where the trajectories pertain to a single
continuous observation window.

While we discuss our method for first-order discrete-
time LDS, our estimator can be extended to learning
related networks as highlighted next.

VAR(7) models with correlated inputs: Lemma

x108
0 ddd, 671 =089
¥ noniid, 5 =0.89
43 - = =n~10°[6.05logp — 1.37] ||
ST e n ~ 10°(8.25log p — 2.86]
381 ¥
/"
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2.8 ,»"‘ -7
£ -~ -5
£23 el e "
o .
1.8 e
l""‘/ * ’
13 R
e
D’ -
08
0.3
(C) 4 16 36 64

Figure 3: (a) An illustration of G as a 5 x 5 grid with
p = 24. Dependence of n,;, on logp : (a) C = 6.8,
61 =0.89, U =155 L = 0.74, N = % ~
2900, (b) C = 28,61 =07, U =13, L = 0.8,
N = % ~ 115. Dashed lines in (a) and (b)
corresponds to least squares regression fit.

and our subsequent analysis follows directly if
higher-order delays (at the same node) are included in
the LDS Eq.[I] L,U and the sample complexity will
need to be changed accordingly.

Continuous time LDS: Considering a fixed sampling
time AT and a time-discretization function, the contin-
uous time LDS can be converted to a discrete-time LDS
with related frequency domain-representation (Taluk{
dar et al., |2020). The analysis will involve merging
the error due to discretization with the finite sample
analysis.

LDS under cyclo-stationary processes: Cyclo-
stationary processes represent a generalization of WSS
processes where the statistics such as mean, correlation
function are periodic functions of time. As shown in
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Figure 4: Reconstruction of exact topology (Proposed
Algorithm) vs CIG ((Jung et al., 2015)).

Doddi et al.| (2019), a lifting operation can be used
to represent time-evolution of a cyclo-stationary pro-
cess as a WSS process with vector-valued states. The
remaining analysis of the sample complexity will be
similar.

Directed graphs under correlated inputs: Note
that our estimator uses properties of the inverse power
spectral density (see Lemma 2.1 and discussion). Un-
der a strict causality assumption on the linear filters
(Materassi and Salapakal 2012} |Quinn et al., [2015]), it
has been shown that directed edges can be recovered
using inverse power spectral density. The framework
presented here can thus be extended to efficiently learn
a family of directed graphs.

Finally, we plan to analyze the restrictions of our al-
gorithm in learning networked LDS with spatially cor-
related inputs, and estimating directed networks with
non-causal dependencies, where only approximate re-
construction may be possible using passive methods.

Non-linear interactions: While the theory and vali-
dating experiments are conducted for linear dynamics,
we claim that the results will follow also for non-linear
network dynamics that are approximately linear around
an operating point. Such experiments have been de-
scribed for thermal network of buildings in [Talukdar
et al| (2020).
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Efficient and passive learning of networked dynamical systems driven

by non-white exogenous inputs: Supplementary Material

In this supplementary material, we provide additional discussions of the Regularized Wiener Filter estimator (Eq.

7 in the main document). The proof of Lemma 5.1 and properties of the parameters (Eq. 14 in the article) used
in the sample complexity analysis are provided in Section [I] Section [2] includes proofs on separability and errors
in M-estimator in the complex domain. Section [3] contains results on norms of state covariance matrices that are

used in proofs in the main paper.

1 PROOF OF LEMMA 5.1

Proof. From Eq. 9, we have 1 T < Amin[®P2] and Apaa [@2] < % From Egs. 3, 14, we have

m —N
& _ —ufp
2= ol = Jim | 3 Ra)e 7"+ 3 Reo)
p=

p=-—m

m

géiﬂo;”m )z + Z IRz (p

p=—m

g=—(N-1)

) + Z 'q'||Rx<q>\|2,

< lim 2205 P+2Zc 679 (. Eq. 9)

-6 M) N6V

m—r 00 p 1
o N L 20 6'(1
=2C§ 1—6*1+N[ -
20 571 -6 205!

21— 5]

=N SNG4

1)2 :

N-—-1
—ufp |q|R —ufq
eI Y ER@e e,

Therefore, if N > ACUS" then @, — B2 < 35~ Moreover, for v € CP*! we have [(®,)120]3 = 0" [®, —

(1_5 1)27 T x —

(®, — @,)]v. It thus follows that, [|(®,)/?v])3 > [£ — o ]||v]|3 =

1o e 1
2U||UH2 Sv ¢xvf [L

Using the same approach,

1 S
s llvlls < vfdpu <

2U [L

1
+ ﬁ]HvH%,Vv e crtl,

1
=+ 5pllol v e .

sllv]13, and v 0 < [L + JL][[v]3. Thus,

(i)
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2 M-ESTIMATOR IN COMPLEX-DOMAIN

Our estimator (Eq. 7) is a M-estimator in the complex domain. For completion, we present the proof of Eq. 12
and Proposition 1 by following the real-valued analysis in Negahban et al. (2012).

Eq. 12 states that if A > 2| X7 (Y — XYW;) |~ then A = W;()\) — W; belongs to the set
DWi) ={A € C” [[Apmr]lr < 3[1Armllr}-

To prove that, note that

1
S 1Y = X W+ )3 = [V = AWl

= %[(3}’{ — (Wi + )T XT)(Y =X (W +A)) = V7T = WX (Y — 2w)]
= %[AHXH(XWi — V) + (@W; = V)P xA + AT X x|

> SC2Re(X"(XW: — V), ) = Re(X (AW = ), A)),

where, Re(z) denotes the real part of the complex number z. Moreover,

1 1 1 A
5|Re(<XH(XWi —Y),A))l < ;l(XH(XWi - V), A) < EHXH(XWi =Dl Allr < SIAL

Therefore, 5 (| — X(W; + A)[3 — IV = XWil5] = =3 /|1Allr = =3 (IAmll + 1A [)-

By optimality of W;(\) = W; + A in the Regularized Wiener Filter Estimator,

0> —(IIV = X(Wi + A)[5 = |1V = XWill2] + AlIWi + Allx — [Wa]1]

A a N N N A 3N &
2 =5 UIAMl + A x 1) + AN A e B = [Armll) = F1A Ml = 1AMl

Thus, A € D(W;). Next, we show that ||IW; — W]y < (2AV/d), whenever Eq. 11 and Eq. 13 hold.

Proof of Proposition 1. Let K(8) := {A € C?| A € D(W/) and ||Al2 = 6}. Let F(A) be the difference between

the objective of the Regularized Wiener Filter Estimator evaluated at W; + A and W;. For a A € K(4), the
following holds:

-1
T on

1 K
> —;|R6<(XH(XW1' =), A)+ §IIAH§ + AlApe [l = 1ArM]a],

F(A) [2Re((XT (XW; — V), A) + ATXT XA+ N(||[Wi + Al — [Will1),
(. Using the restricted eigenvalue property)
A K
> =S 1A+ SHAIL + AN A 1 = A,
(.- Using the condition on \)

_Baz 3 1
= SIAIE = SMAMI+ ZA A 1,

K 3

> ZJAIE - SA 1AM,
K 3 u

> a3 - Iavalals (- swp 1ML g,
2 2 uer\{oy [|ull2

K 3
= (Zlal: - VAl

Thus, if ||Alls =6 > %)\\/&7 then, F(A) > 0 for all A € K(6). Note that F(0) = 0. Using Lemma 4 from the

Supplementary material of Negahban et al. (2012) (uses convexity of F(A)), it then follows that |Ally < 6, that
is, |W; — Will2 < (3AVd). O



3 RESULTS ON COVARIANCE MATRICES

Here we present few results on norms involving state covariance and error matrices that are used in the proofs in
the main document.

Lemma 3.1. Suppose Z := XA € C" with non-i.i.d. rows in X and A. The real component of Z is gwen by
Zr = [Xr — Xr)v and the imaginary component is Zr = [X1 Xglv, for v =[AL ATIT. If N > %, then
IE[ZrZE]ll2 + |E[Z1 2] 1ll2 < 21 Al3[1 + 557 + 4v8555].

Proof. For r € {1,--- ,n}, X7 (r*" entry of J) and (X{)T (r*" row of X) are computed using N consecutive
samples {x((r — 1)N),--- ,2((r —1)N + N — 1)}, using Eq. 4. For r, ¢ € {1,--- ,n} we have,

7o — g | R )T Xa(e ) ()] X (e, )]
‘E[ZRZR](nC)‘_‘U E{—[XR[(T,Z)]T;R(C,:) [XIET ]TX( )_U|7
= [B{zaZR](r.0)] < |l | el 2uen b ey, (i)
simiarty [8(2:2F (r.0) < | [y e ) el dne ), (i)

Consider Y[1] = \ﬁ Zt "0 Yazi(t)e It and Y[2] = f ZS 0 " 2i(s + N)e~/s. The correlation between Yg[1] and
Yr|[2] is given by

N—1N-1
1
[E[YVr([1]Vr[2] N zi(t)zi(s + N) cos(ft) cos(fs)]|
t=0 s=0
1 N-1N-1
= N Z E[z;(t)x:i(s + N)] cos(ft) cos(fs)]
t=0 s=0
| NZINod ;N
<5 [Ri(t —s = N)| = > (N —lgD)|Ri(a—N)|.
t=0 s=0 g=—(N—-1)

Expanding in time-domain (see Lemma 3.1’s proof of the Supplementary material), it can be shown that

1 N—-1

IE[XR(r, )" Xr(e, )]l < B, where B™:=+ > (N=la)|Be(g+ (r = c)N)]2. (iv)
q=—(N-1)
Similarly, ~_[|E[XR(r, )TXE Mz, NEX(r, )" X (e, )]l EVr[r]Xr(c, : ||2, hyﬁ )]l2,
||IEDiR[] 1e]]]2 and IE[Vr|r|Vr]c]]|]2 are each upper bounded by B™. From Egs. it follows
that, |E[ZrZ%](r, c)| < |A|2v8B™ and |E[Z; ZT|(r,c)| < ||A||2v/8B"¢. Thus,
IE(ZrZR]ll2 + |E[Z: Z] ]||2 < maXZ [E[ZrZR)(r,c)] +maXZ [E[Z: 21 )(r, )|
< 2?552 (E[ZrZ5](r, O] + [EZ: ZF)(r, )
=2[v" (1 + D2)v + max Z (E[ZrZR)(r,o)| + |E[Z1 21 ](r, c)])
c=1,c#r
§2||A|\§[(% 2}] +maXC§T2fBTC (v)

In the remaining, we find an upper bound for max, cobr B"¢. From Eq.
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N-1
1 _
BU<w (N = lg))Ca~ 1NN [[Ra()l]2 < €577 from Eq. 9),
g=—(N-1)
N-1
% (5 |—q— cN+7‘N\+5 lg— CN+TN|)]+C5 |— CN+TN|
q:l
N-1

_ r—c q q —q
= 5 ImmeN] (1- 0" +3 )+ 1]

q

Il
—

— cs-lreivy _ S _Su
=05 [1+4 Sa+ Sp N L
N-1
sV — §—6N  (N—=1)"
where, Sa:q:1§q: = E: qé? = 6—12+ 5-1
N-1 N-1
B R Z y ' —N (N—1)sV
— q __ — q __
S = o L B o ” (1—06-1)2 1—6-1

Thus, max Z B < C[L+ S+ S Se  Sa Z 5-lr—eIN

c=1,c#r c=1,c#r
Se  SdixmosmeN
< _Pe_2d
Cll+Sat 8- N];%
S Say 267N
< _Pe_2d
<C[1+ Sa+ Sy N N][l—éfN}’
o Sc —N 2(5 N N Sd Sc
Ot S+ e )] s - S = B
25" N . .
<C(1+ Sa)m (.-67" —1 is negative and can be ignored),
N sN-1., 2 2C
< = = . i
SO0+ ST v =G ) = 51 v1)
Substituting Eq. in Eq. |[v|gives |[E[ZrZE]||2 + |E[Z1Z1 ]]]2 < 2|Al5[F + 55 + 4V8555]. O

Lemma 3.2 (covariance (restart & record)). Let £ := Y —XW, with each row corresponding to an i.i.d. trajectory.

Let & = [Er[1] E1[1] ... Er[n] Er[n]]T be the re-arranged vector of real and complex entries in €, with covariance
matriz Cy = E[E,ET]. Then ||Cy2 < 5.

Proof. As the n trajectories are i.i.d.,

Cy = diag(C, ..., C), where ( SR(‘?) > ~N(0,C) = |ICy]]2 = [IC]|2. (vii)
€r(j)

Consider E = (I)z — (IJMWl — (Wl)H‘I);J + (Wl)H‘I);WZ Then, (1 + ||Wz||%)
W; = [@;]*1@2.5 in E and using the Schur complement lemma, we get,

& < |E| < (1 + [|[W;]|3) . Substituting

1

Bl =@ = 23085 = gy

(viii)
From the definition of L, U in Eq. 9, we have, % < |El < % Comparing the two inequality bounds of |E|, we get

<@+ [wil3) <

U .
T (ix)

Q\b‘



From the definition of €, it follows that E[E[j]7E[j] = &; — &, ;Wi — (W)Hq; A (W) D W,. Define V =&, —,,
1
2U

and from Lemma 5.1 in the article, we have ||V ||y < Substltutlng P, = d, + V in E[E[j]7E[f]], we get,

1
E[E[j ]HE[]” m +Vi-V,;Wi— (Wl)HV;’Z + (WZ)HV;Wz (. using Eq. ,
. . 1 1 U1 3 .
]E(SR[]} )+ IE(E[[]} )=Tr(C) < I +(1+ \W\ NV]2 < 7 + o0 = 2L (. using Eq.
3
= lleull = €l < o ®

O

Lemma 3.3 (covariance (consecutive)). Let £ := Y — XW,; with non-i.i.d. trajectories per row. Let & :=
[Er[1] &[] ... Er[n] Ern]]T be the re-arranged vector of real and complex entries in € with covariance matrix

C1 [ElgT] Then ||Cl||2 Y +6\[U QC

Proof. Writing real and imaginary parts of £ and using inequality of matrix 2 and co-norms, we have,

ICall> < max {rg%;cz (IEIERERI(r, )| + [ElEreT 1(r, o)) i > (EIEER)(r, )| + [ELEET I(r, c))] :

maxi_y S0, . (EEREE](r )| + [ElErT1(r, o)),

3
< =1 2e= + > (- Using Eq.R). i
< max { maxg_s S (EEER) o) + [EIEET](r ) ] op (7 Using Eq (i)

Split £ = Y — XW; into their real and imaginary parts (subscripted by R and I respectively). Now £ =
T T

[yR —XR X]] [1 (Wz)R (WZ)[] ,and & = [y] —Xr —XR] [1 (Wz)R (WZ)[] . Forr,c e {1,"' ,n},

r # ¢, the correlation between the r** and c¢** sample is

E[Er[r|Er[c]] =
E(Yr[r]|Vr]c]) —E(YVr[r]Xr(c,:)) E(yR[T]XI( 2) 1
1 WHr W] |-E(Xa(r,)"Yrld) E(Xa(r:)" Xr(c,:)) —E(XR(Ta-) XI( N [(W)r
E(Xr(r,)" Vrlc])  —E(Xr(r,))" Xr(c,?))  E(Xi(r,)" Xi(c,)) (W1
From Eq. fiviand Eq. fix] it follows that, |E[Eg[r]Er[c]]| < £+/27B7. Similarly,
[EER[riEs[d]] < %ﬁB El&rlrlénld]l < > VITB, [BlErErd]] < & VITB™. (xil)

Using the inequalities Eq. 1n Eq. [xi} we have [[C1[l2 < 5% +2v27 Y0, .. B Then, it follows from Eq.

U 2C
H61||2 ~ 2L +6 3fm (Xlll)

O

3.1 Proofs of M-estimator conditions for consecutive trajectories

Proof of Lemma 3.3 from the article. The approach for the proof is identical to the proof of Lemma 3.1 from
the article, with few changes. Define & := Y — XW,. Let C; be the covariance matrix of the vector & :=
[Er[1] &1[1] ... Er[n] Er[n]]T. The trajectories aren’t independent and C; is no more block-diagonal here. An
upper bound for ||Cy||2 for this case is provided in Lemma 3.3 in this supplementary material. Using that, the

Lipschitz constant of f(Wg, W;) in Eq. 17 becomes \/w. Following Lemma 3.1 of the article,

2nL
(3+24/3UC(5—1)—1) log(4p/e3)
by > 4\/ — oglap/es

gives the result. O

Proof of Lemma 8.4 from the article. Let Z := XA € C". Its real and imaginary components are Zr = [Xg —
XrJv and Z; = [X; Xg]v where v = [A% AT]T. We find the lower bounds on 1||Zz||3, 1||Z;||3 and then combine
them to obtain a lower bound of %HZ |3. Applying Lemma 1.2 from the Supplementary material of Negahban and
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n(t—-2)2
Wainwright (2011) on Zg and Z;, we have, with individual probability at least 1—[2 exp(—%) +2exp(—3)]
for all ¢ > %
1 2 1 T T
N Zrllz 2 ~TrE(ZrZR)] — AUE(ZrZR)| 2,
1 1
5||ZI||§ > —Tr[E(Z127)] — AHIE(Z1 27 ) |2- (xiv)

Note that the diagonal values of E(ZrZ}%) are all equal to vT v, and those of E(Z;Z]) are equal to v7¥qv
with Y1, defined in Eq. 20. Using this with Lemma 3.1 in the Supplementary material, we get, L[| Z||3 =

SZRI3 + 5112113 >
11 C
o7 (31 + Ba)v — 8t\|A||§[— +o5+ 4@7}

1
> oz l1Alz = stlAll [— + 55 +4\f - Eq. 23) (xv)

571} (.

holds with probability of at least 1 — [4exp(— ) +4exp(—3%)] fo % Choose t = /2182 (> %
for a large n). Then for n > 332 logp[ +0.5+ 4\[ U2, LjxAa|3 > 56T |AH2 holds with probability at least

1- [ +4exp(—5)]. Since p > 4 / , the statement holds whenever n > 2log(—2—). O

n(tf 2 )2

P2
P24
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