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Abstract

Fueled in part by recent applications in neuroscience, high-dimensional Hawkes pro-
cess have become a popular tool for modeling the network of interactions among multi-
variate point process data. While evaluating the uncertainty of the network estimates
is critical in scientific applications, existing methodological and theoretical work have
only focused on estimation. To bridge this gap, this paper proposes a high-dimensional
statistical inference procedure with theoretical guarantees for multivariate Hawkes pro-
cess. Key to this inference procedure is a new concentration inequality on the first- and
second-order statistics for integrated stochastic processes, which summarizes the en-
tire history of the process. We apply this concentration inequality, combining a recent
result on martingale central limit theory, to give an upper bounds for the convergence
rate of the test statistics. We verify our theoretical results with extensive simulation
and an application to a neuron spike train data set.

Keyword: Hawkes process; high dimensional inference; hypothesis testing; confidence in-
tervals.

1 Introduction

Multivariate point process data have become prevalent in many applications areas. Exam-
ples include neural spike train data in neuroscience containing times of neuron spikes of a
collection of neurons (Okatan et al., 2005), social media data recording times when each
individual in an online community takes an action (Zhou et al., 2013), and high frequency
financial data recording times of market orders (Chavez-Demoulin and McGill, 2012). These
processes can be represented by a graphical model G = (V| F) (Lauritzen, 1996), where each
node v € V represents a component of the multivariate point process, and each directed
edge, (u — v) € E, indicates that the history of the source node u influences the probability
of future events of the target node v. Multivariate point process data provide opportunity
to learn the latent connectivity structure of this network.

Hosted by The Berkeley Electronic Press



In his seminal paper, Hawkes (1971) proposed a class of point process models, in which
the probability of future events of each component can be influenced by the entire history of
past events of others. The multivariate Hawkes process model has become a popular tool for
studying the connectivity structure of the network because of its flexibility and interpretabil-
ity in modeling the dependence structure between different point processes. From its early
application in earthquake prediction (Ogata, 1988), this model has been widely applied to
learn the latent connectivity structure in many fields, including neuroscience (Chen et al.,
2017), social media (Zhou et al., 2013), and finance (Linderman and Adams, 2014).

In the original model (Hawkes, 1971) and later theoretical developments (Hawkes and
Oakes, 1974; Reynaud-Bouret and Roy, 2007; Reynaud-Bouret and Schbath, 2010; Bacry
et al., 2015; Hansen et al., 2015; Etesami et al., 2016) the Hawkes process is considered as
a mutually-exciting process, in which an event can only excite the process. In other words,
each event of each component may trigger future events of all point processes including
itself. However, in many applications, it is desired to allow for inhibitory effects of past
events. For example, a spike in one neuron may inhibit the activities of other neurons
(Babington, 2001), which means that it decreases the probability that other neurons would
spike. Recently, Costa et al. (2018) and Chen et al. (2017) have considered a broader class
of the Hawkes processes that allow for both excitatory and inhibition effects in single and
multivariate Hawkes process, respectively.

In modern applications, learning the connectivity network of multivariate point processes
often poses additional challenges due to high-dimensionality. This is because the number of
components measured, i.e. the number of neurons, is often large compared to the observed
time period, i.e. the duration of neuroscience experiments. Recent work by Hansen et al.
(2015) and Chen et al. (2017) has addressed this challenge by proposing ¢;-regularized esti-
mation procedures. However, existing procedures for learning networks of multivariate point
processes do not provide measures of uncertainty, which are critical in scientific applications.

Recent literature on statistical inference in high dimensions (e.g., Javanmard and Mon-
tanari, 2013; Zhang and Zhang, 2014; van de Geer et al., 2014; Ning and Liu, 2017) provides
the ideal starting point for developing inference procedures for multivariate point processes.
However, the vast majority of existing approaches consider the setting of independent data.
Therefore, these results can not be applied to time series settings. One notable exception is
the recent work by Zheng and Raskutti (2018), which develops a statistical inference proce-
dure for high-dimensional vector auto-regressive (VAR) models. However, while a significant
step forward, the VAR model captures the past history for a fixed and pre-specified time
lag (or order). In contrast, the Hawkes process is dependent on the entire past history.
Therefore, developing a high-dimensional inference procedure for the multivariate Hawkes
process introduces significant additional challenges. In particular, this dependence on the
entire history complicates the proof of convergence of the test statistic for the multivariate
Hawkes process.

In this paper, we provides the first high-dimensional inference procedure for multivariate
Hawkes processes with both excitatory and inhibitory effects. To this end, we adopt the de-
correlated score test framework of Ning and Liu (2017) to high-dimensional point processes.
To overcome the theoretical challenges stemming from the dependence structure, we develop



a new concentration inequality on the first- and second-order statistics of the multivariate
Hawkes process. Importantly, unlike previous results by Costa et al. (2018) and Chen et al.
(2017), our results apply to integrated stochastic processes that summarize the entire history
of each component. Such processes are necessary for developing high-dimensional inference
procedures. Thus, instead of using the thinning process representation (Brémaud and Mas-
soulié, 1996) or a coupling construction technique (Chen et al., 2017), our proof is based
on a careful investigation on the transition structure of the Hawkes process. We combine
this concentration inequality with the recent martingale central limit theorem of Zheng and
Raskutti (2018) to obtain an upper bound for the convergence rate of our test statistics. We
also provide confidence intervals for the model parameters by extending the semi-parametric
efficient confidence region of Zheng and Raskutti (2018) for VAR models to the setting of
Hawkes processes.

The rest of this paper is organized as follows. Section 2 introduces the linear Hawkes
process and reviews its basic properties. Our hypothesis testing and the inference procedure
is outlined in Section 3. In Section 4, we present theoretical results that guarantee the weak
convergence of our test statistics under null and alternative hypothesis. The construction of
confidence intervals and their theoretical justification is presented in Section 5. We investi-
gate the properties of the proposed estimator using simulations in Section 6 and illustrate
its utility in neuroscience applications in Section 7. Proofs of the main theorems are given in
Section 9 and we conclude with a short discussion in Section 8. Proofs of technical lemmas
are given in the Appendix.

2 The Linear Hawkes Process

Let B(R) denote the Borel o-field of the real line, and let {tj}rcz defined in range [0, 7]
be a sequence of real-valued random variables such that ¢;,.; > ¢ and ¢t; > 0. Here, time
t = 0 is a reference point in time, e.g., the start of an experiment. For A € B(R), we
define a simple point process N on R as a family {IV(A)}acpw) that takes on non-negative
integer values such that the sequence {ty}rez consists of event times of the process N, i.e.,
N(A) =", 1, ca. In this consruction, the process N is essentially a simple counting process
with isolated jumps of unit height which occur at {ty}rez. We write N([t,t + dt)) as dN(t),
where dt denotes an arbitrarily small increment of ¢.

Let N be a p-variate counting process N = {NZ-}Z-E{L___,p}, where, as above, N; satisfies
Ni(A) =37, 14,ea for A € B(R) and {t;1,t;2,...} denote the event times of N;. Let H,
be the history of IN prior to time ¢. The intensity process {Ai(t),...,A\,(t)} is a p-variate
‘H;-predictable process, defined as

Ni(t)dt = B(dNy() = 1[Hy). (1)

Hawkes (1971) proposed a class of point process models in which past events can affect the
probability of future events. This process is called the linear Hawkes model, if the intensity
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function for unit ¢ takes the form

M) = gt Z (w0 2 ) 0 )

where
(w0 G2 ) 0 = [T e@yeanie— )= 3 wyle- 1) 3

Here, f1; is the background intensity of unit 4, and w; ;(-) : R* — R is the transfer function,
where w; j(t — ;) represents the influence from the kth event of unit ¢ on the intensity of
unit ¢ at time ¢.

Motivated by neuroscience applications (Linderman and Adams, 2014; de Abril et al.,
2018), we consider a parametric transfer function w; () such that

wij(t) = x;(t) By, (4)
(1) = / By (t — 5)AN;(s). (5)

Here, the transition kernel k;(-) : RT — R represents the decay of the influence of a past
event. A commonly used example is the exponential transition kernel, k;(t) = e, considered
by Bacry et al. (2015). In this formulation, f3;; represents the strength of the influence of unit
J’s past event on the intensity of unit . A positive 3;;, which implies that the past events of
one unit excites future events of another, is often considered in literature (e.g. Bacry et al.,
2015; Etesami et al., 2016). However, we might also wish to allow for negative j;; values
to represent inhibitory effect of one unit’s past events on another unit (Chen et al., 2017).
For example, in neuroscience, it is well known that a spike of one neuron may inhibit the
activities of other neurons (Babington, 2001).

Denoting z(t) = (z1(t),...,x,(t)) € R™P and B; = (Bi1, ..., Bip)" € RP* we can write
Ailt) = pi + x(2)5;, (6)
Then, letting Y;(t) = dN;(t)/dt, and ¢;(t) = Y;(t) — \;(t), the linear Hawkes process can be
written compactly as
Yi(t) = pi + x(8)5i + &(t). (7)
As we will discuss later, a key challenge in this ‘linear model’, stems from heteroscedasticity,
i.e., the fact that
o (t) = Var (e;(t)|He) = M(t)(1 — Ni(2)) (8)

may not necessarily be 1 and depends on x(t).

Throughout this paper, we assume that the linear Hawkes model described above is
stationary, meaning that for all units « = 1, ..., p, the spontaneous rates u; and strengths of
transition f3;; are constant over the time range [0, 7] (Brémaud and Massoulié, 1996; Daley
and Vere-Jones, 2003).



3 Testing

We consider testing a d-dimensional subset of {8;;}1<j<p; that is, iy = {Bij,4 € J C
{17 s ap}} and ”JHO = d:

Hozﬁij:O,jGJ. (9)

For ease of notation, we primarily focus on the case of single parameter; that is, we consider
testing Hy : B;; = 0, which corresponds to d = 1. However, our inferential framework is
developed for the more general case of d > 1.

Since the variance of noise ¢7(t) defined in (8) is not necessarily one, for convenience we
scale the columns z(t). More specifically, let z;(t) = x;(t)/oi(t) for j = 1,...,p. Before
defining the test statistics, we first define the orthogonal projection of z;(t) onto z_;(?),
where 7_;(t) = (21(t),...,7j-1(t), Tj31(t), ..., Tp(t)). Let the projection coefficient w; =
(w;o w;,j) € R? be such that

- ~ T o ~
7i(t) = (Lz5(t) wy LT 4(t) (10)
Denoting the orthogonal complement of 7;(t) after removing its projection onto z_;(t) as

B =5(1) - (L3,(1) ] (11)

we have
E[z3(t)] = 0. (12)
Using this construction, our de-correlated score statistic is defined as

1 ~ %
Sij =7 S EW) (). (13)

t=1

Remark 3.1: The reason we construct the de-correlated score statistics based on (t),
rather than defining it directly based on z,(t), is that we do not know the true value of
the nuisance parameters, i; and 3; _;, and use estimates of these nuisance parameters. The
construction of the de-correlated score statistics helps make the error induced by the estima-
tion of the nuisance parameter asymptotically negligible; see Ning and Liu (2017) for more
details.

Remark 3.2: Zheng and Raskutti (2018) also considers a similar de-correlated score
statistics but in VAR model setting under an assumption of unit variance noise over the
entire time range. The difference between our score statistics and theirs is that our score
takes into account the variance of noise when constructing the score statistics due to the
fact that the variance of noise is not the same at each t. In addition, the variance of noise
depends on the intensity value which is time varying, which makes the technical proof more
challenging in our case.
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Now, let

T, = Cov (&(1) F(1)) = E ((55;@))2) , (14)
Ve = VT Y28, (15)
Ur = |[Vrll3. (16)
Note that in the simple case testing a univariate f3;;, T, is a scalar. When testing multiple

parameters (3,7, T; = Cov (€(t) T%(t)) is defined similarly, but now Y, is a d x d matrix
since 7%(t) is now a d-dimension vector.

In practice, we do not know ; and wj, so we estimate them as follows.

e Step 1: Calculating z;, BZ-, and 02(t): estimate EZ using lasso regression with the
original unscaled data (Y;(t),x(t)). More specifically,

- Ll
P i = arg min o ;(Yi(t) — i — 2(1)B:)* + Al|Bill1. (17)
Then,
Xi(t) = x(t)5; (18)
G2(t) = ()1 = Ni(t)). (19)

As shown in Lemma 1.5, i;, E’i, 02(t) are consistent for p;, 3;,02(t). This follows from
the prediction consistency of lasso. We also sho that the restricted eigenvalue condition
(REC) required for the consistency of lasso (Bickel et al., 2009) is met in our case. This
follows from the bounded eigenvalue of the cross-covariance matrix of the design matrix
{z(t) }1<t<r, which is obtained using the assumptions made in the next section.

e Step 2: Calculating w; based on ?c\/j (t) = =L W, is estimated using a lasso regression

with outcome z; and design matrix z_;:

. 12 = 2
w; = arg min - Z: (xj(t) — (1 x_j(t)> w) + Ajw]|;. (20)
Using a similar lasso proof for estimation/prediction consistency, we can show the
consistency of w; for wj. Similar to Step 1, the REC condition for lasso is also met
by the bounded eigenvalue of the cross-covariance matrix induced by the assumptions
made in the next section.

e Step 3: Calculating Tj: let %j(t) =7;(t) — <1 %_j (t)) w;. Then, ?j is estimated by

the sample covariance

= 1 o= o 2
T, = ?Z(xj(t)) . (21)

t=1



Note that when testing a univariate /3;; in (9), Yj is a scalar; however, when testing

multiple §;; = {B;;,7 € J}, Y, = %25:1 (ﬁj(t))T%;(t) Our results are valid for this
case as long as d = || J||o < p.

e Step 4:
) = Yi(t) — i — 2 ()i (22)
T ~
~ . 1 Z‘(t)i:*
Sij = ?; 5, i) 29)
Vr = VTT; 125, (24)
Ur = | V|3 (25)

In the next section, we show that with high probability ﬁT converges to Up, which in
turn converges weakly to a x? distribution with d degrees of freedom, which is 1 for
testing univariate (3;;; the non-centrality parameter is zero under the null hypothesis,
and depends on the true parameters under the alternative.

Remark 3.3: Although here we use the lasso regression for y;, 5;, 0;(t) and w;, we may use
other estimators to obtain consistent estimates of these parameters as long as they have the
same order of prediction and estimation errors as the lasso regression.

4 Theoretical Guarantees

We start by stating our assumptions. For a square matrix A, let Aya(A) and Apin(A) be its
maximum and minimum eigenvalues, respectively, and let AT denote its transpose. Define

O = {Bij}1<ij<p € RP*P and p = {pi}1<i<p € RP.

Assumption 1 Let Q be a p X p matrix whose entries are Q;, = a [;° |w;x(A)|dA, for
1 < j,k < p. Then, there exists a generic constant vq such that A, (Q7Q) <~ < 1.

This assumption is the same as Assumption 1 in Chen et al. (2017), and is a necessary
requirement for a stationary Hawkes process. The constant vo does not depend on the
dimension p. For any fixed p, Brémaud and Massoulié (1996) shows that the intensity
process of the form (2) is stable in distribution, and thus a stationary process N exists given
this assumption. Since our connectivity coefficients of interest, O, are ill-defined without a
stationarity, this assumption provides the necessary context for our inferential framework.

Assumption 2 There exists a constant pg such that
p p
52%{ ;Qila;Qli} < pa < oo

Assumption 2, which was also considered in Basu and Michailidis (2015) for VAR models,
requires maximum in- and out- intensity flows. This assumption helps in bounding the eigen-
values of the cross-covariance of x(t). As discussed by Chen et al. (2017), this assumption

7
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prevents the intensity from concentrating to a single process. Assumption 2 can be replaced
by assumptions on the structure of 2 if the magnitude of each entry of ) is upper bounded.
Note that if we assume a stronger condition in Assumption 2 with pg < 1, then Assumption
1 is satisfied by the Perron-Frobenius theorem.

Assumption 3 There exists Ay, and Apa such that
0< /\min S )\z(t) S >\max <1
foralli=1,...,pand t € [0,T].

Assumption 3, which is similar to Assumption 4 in Chen et al. (2017), requires that
intensity values are bounded between 0 and 1. This assumption prevents degenerate processes
for all units.

Assumption 4: There exists b > a > 0 such that the transfer kernel function satisfies

0< 1121;%)/{; (t) < aexp(—bt)

The lower bound, max; <<, k;(t) > 0, is needed to avoid trivial transfer functions (k;(t) =
0). We also need max <<, k;(t) < aexp(—bt) for b > a in order to have an integrable transfer
function and to control the total influence from the past. Assumption 4 implies the following
properties of the transfer function.

e Assumptions 3 and 4 imply bounded f;; that is, 3Cs, ||Billc < Cs < 0.

e Assumption 4 prevents unbounded influences from past:

aexp(—b
K= max Z k;( #}i()b) < 00. (26)

e Let w;" be n-th auto-convolution of w;;. Under Assumption 4,
t(n—=1)

wii'(t) < Biza" =1

exp(—bt).

For example, for n = 2, 3,
7 ¢
wit(t) = / w;j(t — s)wij(s)ds < ﬁijaz/ aexp(—b(t — s))aexp(—bs)ds = B;ja’*t exp(—bt);
T 2
Wi (t) = /0 Wit (t — s)wij(s)ds < i Bija*(t — s) exp(—b(t — s))aexp(—bs)ds = @ja?’g exp(—bt).

e Finally, we obtain

ZW < 6ljaexp( (b - a)t); (27)
v S aexp(~(b — a))
2 2 2 S PO T ) .

8



Let s; = ||wj|lo and s = max;<j<ps;; pi = [|Billo and p = max,<i<, p;. Then, for specific
connectivity matrix structures, the sparsity of w? follows from the sparsity of the connectivity
matrix, O, similar to the case of VAR models (Zheng and Raskutti, 2018). In particular, for
a stationary linear Hawkes process, we show that if the connectivity matrix is block diagonal,
s < p+1 (see Lemma S.4 in the Appendix). In general, the relationship between sparsity of
w; and the sparsity of © is not straightforward, but, the sparsity of w; depends on the sign
and scale of the connectivity coefficients, as well as the transition kernel.

Using the above assumptions, we next state results on weak convergence of [/J\'T under the
null hypothesis. For brevity, we define Iy as the feasible set of (©, u), where Assumption
1-4 are satisfied under the null hypothesis.

Theorem 1. Suppose the linear Hawkes model defined in (2) satisfies Assumptions 1-4.
Further, suppose 3;, w; and T are estimated by (17), (20) and (21). Let Fjy be the cdf of

x?-distribution with d degrees of freedom. Then, if (p V s)logp = o (\/T ) and T > C for
some constant C, under the null hypothesis in (9), Uz defined in (25) satisfies

- Cy (pVs)logp\'*  Cs
sup PUr <z)— Filz)| < —=— +C (— 4+ —. 29
(©,u)€llp, xR ( g ) d( ) T1/8 ? \/T pC4 ( )

Theorem 1 shows that f]} converges to x3 in distribution (d = 1 when testing univariate 3;;).
This result is an extension of the result for the VAR model by Zheng and Raskutti (2018).
Despite differences between the Hawkes process and the continuous VAR model discussed
before, we obtain the same rate of convergence using the properties of the Hawkes process.
Note that the difference between Up from Fy(x) is dominated by 7~'/® rather than 7-'/2.
This difference from the standard CLT is due to the time dependence of the point process
data (see Lemma 1.1).

Next, we consider the distribution of Ur under the alternative hypothesis. More specifi-
cally, for ¢ > 0, we assume

Ha : 5@’]’ = T7¢A (30)
Let A = leﬂA, where T is defined in (14) and A is set in (30). We define 11, as the feasible

set of (O, 1) such that Assumption 1-4 are satisfied under the alternative hypothesis.

Theorem 2. Suppose the linear Hawkes model defined in (2) satisfies Assumptions 1-4.
Further, suppose 3;, w; and T are estimated by (17), (20) and (21). Let F A3 be the
cdf of a non-central y2-distribution with d degrees of freedom and non-centrality parameter
|A||2. Then, if (pVs)logp = o <\/T> and 7' > C for some constant C, under the alternative

hypothesis in (9), Uz defined in (25) satisfies one of the following

If ¢ =

Y

N =

i~ 4 (s V p)logp 1/2 Cs
P(Ur <o) = Fuyap)| €z + G (2222 Gy
(Gvu)se%pa,xeﬂ%‘ T=7 d’”A”%(I) = T8 t 02 < T + pCi (31)

9
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[f0<¢<3i

U Ol Cg ;o
]P><U< >’<— 24 {—(JT2¢ o }; 2
(Q’ﬂ)se%pavIGR’ =TS st ps + Caexp 5 + Csvx (32)
If ¢ > %
]P)<ﬁ < ) F( ) < O_l + C <(Svp)logp>l/2+CS+OT132¢
sup <) o) < (sV p)logp |
©metusex| A )| < i T O\ g o+ Cs
(3)

Theorem 2 establishes the asymptotic distribution of (7T under the alternative hypothesis.
Here, depending on the scaling of f3;; with respect to T', i.e. ¢, the asymptotics are different:
when ¢ > 1/2, our test does not distinguish H, from Hy, since in both cases ij convergences
to x2; when ¢ < 1/2, Ur diverges to 400 in probability; finally, when ¢ = 1 /2, Ur converges
to a non-central y?-distribution with d degree of freedom and non-centrality parameter ||A||2.
This result is an extension of Theorem 3.2 in Zheng and Raskutti (2018) to the linear Hawkes
model. As before, in spite of differences between the Hawkes process and the VAR model,
we obtain the same rate of convergence using the properties of the Hawkes process.

5 Confidence Regions

In this section, we construct confidence intervals for f;;. Similar to Ning and Liu (2017),
our confidence interval is based on the one-step estimator of f;; for the de-correlated score
function,

S.. (34)

Here, @j is the lasso estimator in (17),

Z (35)

which follows the construction of Zheng and Raskutti (2018) and is constructed slightly
differently from T ; for theoretical convenience. Let

_Ig — Bia(t)=
5 = fz (1), (36)

t=1 Ti )

ﬂ |

and note that §j involves the entire B\Z instead of Bi,,j, which is different from §j_

Next, let

ﬁT = ( BZJ)TT ( — Bij)- (37)

10



In the following, we show that }A%T converges weakly to ﬁT; therefore, we construct an
asymptotically 1 — a confidence region for 3;; as

~

CR(a) = {0: T(bi; — 0)"Tj(byy — 0) < X5(1 — )} (38)

Theorem 3. Suppose the linear Hawkes model from (2) satisfies Assumptions 1-4. Further,
suppose §;, w; and Y are estimated by (17), (20) and (21). Then, there exists constants

C, c1, co such that
~ ~ sV plogp
P ’RT — UT‘ > C — < ¢y exp(—calogp). (39)

As mentioned before, BZ can be obtained from any consistent estimator with the same order
of the estimation error as lasso defined in (17).

6 Simulation Studies

In this section, we verify our theoretical results and investigate the power and convergence
properties of the proposed inference procedure. We consider the linear Hawkes model with
the transfer function specified in (6). For the connectivity matrix © = {f;;}1<ij<p, We
consider three structures: chain, block and random (Figure 1). The scale of non-zero §;; is
set to be 0.3 and the transfer kernel function k;;(¢) is chosen to be exp(—t). This setting
satisfies our assumptions of a stable Hawkes process.

To assess the performance of our method, we use it to test each of the p? coefficients
in the connectivity matrix. We calculate the type-I error (i.e. the rejection rate among
zero coefficients) and the power (i.e. the rejection rate among non-zero coefficients). We also
investigate the convergence of the 95% confidence intervals for zero and non-zero coefficients.
We consider graphs of p = 50 units and experiments lengths 7" € {200, 1000,2000}. As a
benchmark, we compare the performance of our test method against an oracle procedure,
which knows what coefficients are non-zero.

Figure 2 illustrates the simulation results for chain, block and random structure sepa-
rately. It can be seen that as the experiment length increases, our test properly controls the
type-I error rate. Moreover, the 95% confidence intervals have reasonable converge. Finally,
our test also achieves power close to the oracle procedure.

7 Application

In this section, we consider the task of learning the functional connectivity network among
population of neurons, using the spike train data from (Bolding and Franks, 2018). In this
experiment, spike times are recorded at 30 kHz on a region of the mice olfactory bulb (OB),
while a laser pulse is applied directly on the OB cells of the subject mouse. The laser pulse

11
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Chain Block Random

Figure 1: Connectivity matrix under chain, block and random graph structures (zero-value
coefficients in red and non-zero coefficients in white).

has been applied at increasing intensities from 0 to 50 (mW/mm?). The laser pulse at each
intensity level lasts 10 seconds and is repeated 10 times on the same set of neuron cells of
the subject mouse. The experiment in total collects spike train data on 23 mice.

We consider the spike train data collected at two intensity levels, 0 mW/mm? (Condi-
tion 1) and 5 mWW/mm? (Condition 2), of the subject mouse with the most neurons (29
neurons). In particular, we use the spike train data from one laser pulse at each intensity
level. Since one laser pulse spans 10 seconds and the spike train data is recorded at 30 kHz,
there are 300,000 time points per replicate. We apply our inference procedure separately for
each intensity level, and obtain the estimated connectivity coefficients and the corresponding
95% confidence interval for the 29-neuron network.

Figure 3 illustrates the estimated connectivity coefficients in a graph representation,
where each node represents a neuron and a directed edge indicates a statistically significant
estimated connectivity coefficient. We see there are few common edges between the networks
in the two conditions (gray edges); moreover, each condition has its own functional connec-
tivity structures (red edge for Condition 1 and blue edge for Condition 2). This agrees with
the observation by neuroscientists that the OB response is sensitive to the intensity level of
the external stimuli (Bolding and Franks, 2018). Figure 3 also shows the 95% confidence
interval for the estimated connectivity coefficients corresponding to the edges that are unique
to each condition.

8 Discussion

In this paper, we proposed a statistical inference procedure with theoretical guarantees for
high-dimensional linear Hawkes processes. To overcome the challenges from the the Hawkes
process on its entire history, we develop a new concentration inequality on the first- and
second-order statistics for an integrated stochastic process; these integrated processes sum-
marize the entire history for each component. We combine this new concentration inequality
with a recent martingale central limit theorem, to give an upper bounds for the conver-

12
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Figure 2: Simulation results under chain, block and random graph structure. CI0:95%
confidence interval for zero-coefficients; Cla:95% confidence interval for non-zero coefficients.
Oracle: score test under the true model with zero coefficients known; ds: de-correlated score
test with nuisance coefficients.

gence rate of the test statistics. We also provide confidence intervals for the parameters
as an extension of the semi-parametric efficient confidence region considered in Zheng and
Raskutti (2018). Our results establish the first inferential framework for high-dimensional
point processes.

In this paper, we consider a parametric transition function for the Hawkes process. Given
the complex nature of the point process, one may consider nonparametric models for the

13
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Condition: 2

Condition: 1

T T T
0.0 0.1 0.2 0.3 0.4

95% CI

Figure 3: Estimated functional connectivities among neuronal populations from the spike
train data. The gray edges are shared between two conditions of different pulse power level,
the red edges are unique to condition 1 (0 mW/mm?), and the blue edges are unique to
condition 2 (5 mW/mm?). 95% confidence intervals (CI) are shown for 15 unique edges
corresponding to the edges that are unique to each condition and with largest estimated
connectivity coefficients at one of the conditions.

transition functions and learn the form adaptively from the data. In addition, since non-
linear link functions are often used when analyzing spike train data (Paninski et al., 2007;
Pillow et al., 2008), it would also be of interest to develop statistical inference procedure for

non-linear Hawkes processes.

9 Proof of Main Results

9.1 Proof of Theorem 1

First, to overcome the challenge of the unknown variance ¢?(¢) in Ur as defined in (25), we
introduce U, defined as

U3 = V2113 (40)
V2 = VT (T9) ™52 (41)
T9 = 2ot~ (1 vy /o30) @)y 020 — (1 w_ifo2(0) 3)T () s (42)
B~y ai@ (Yilt) = s = 25(0)Biy) (5(0)/0(8) = @jo — 25 (1) [ou(0) D). (43)

As we see from the definition, the difference between (A]% and Uy defined in (25) is that we
replace 7;(t) by o;(t).

14



We first prove the bound for f]\% — Ur and then complete the proof using

sup |P(Ur < x) — Fy(z)| < sup|P(U2 < y) — Fa(y)|

z€eR yeR

+ Fy(x + 8) — Fa(z — 8) + P(|Up — U9| > 6), (44)
where we use Lemma 1.8 to bound P (\(/jT — 17:(}\ > 5> and use the properties of the y?
distribution to bound |Fy(z + ) — Fy(z — 0)| < C(d)d as in Zheng and Raskutti (2018).

Now we focus on bounding ’P (ﬁ% < x) — Fd(x)‘. The proof first links P ((7% < x) and
Fy(x) via P(Ur < ) and then bounds the error among the three parts.

Note that Ve > 0,
P ((7% = :c) — Fy(x) < P(Ur <z +¢€) + P(]ﬁ% - UT‘ > €) — Fy(x)
<|P(Ur <z+e€)— Fylx+¢)| + Fy(z + €) — Fy(z) +P(‘(7% — UT‘ > €)

Fy(z) — P(U% < z) = P(UY > z) — (1 — Fy(x))

< PUr>z—c¢) +P(’(7;(p) — UT‘ >€) — (1= Fy(z))
< |Fyx — €) — P(Up <z — €)| + Fa(z) — Falx — €) + P(‘ﬁ% - UT‘ > e).
Then,
sup | P(0} < ) = Fu)| < sup | P(Ur < ) = Fufy)
v ¥ b
+ Fu(x+€) = Falw — )+ P(Up — Ur| > €) (45)
B C

First, we bound part A, i.e. P (Ur <y)— Fy(y). The difference between this proof and ordi-
nary proofs of weak convergence of a sample average is that here our data is time dependent.
Therefore, instead of using an ordinary central limit theorem (CLT), we use a martingale
CLT. This technique is also used for VAR models by Zheng and Raskutti (2018). The result
is stated in the following lemma.

Lemma 1.1. Suppose the stationary linear Hawkes model from (6) satisfies Assumptions
1-4, and 3, w; and T are estimated by (17), (20) and (21). Then, Vu € R,

sup |P(Ur +u <y) = Fypz)| < C(llulla,d, )73, (46)
ye

where C(||ul|2,d, s) is a constant that depends on, and is non-decreasing w.r.t, ||ul/2, d and
s.

The proof is based on a martingale difference sequence CLT, and extends the previous
result for VAR models (Lemma 5.3 in Zheng and Raskutti (2018)) to the linear Hawkes
model (2).

15
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By Lemma 1.1, for s,d < T, we have

sup |[P(Ur < y) — Fu(y)] < GTY° (47)

yeR

Next, we bound part B. Note that x? distribution has bounded density and continuous and
differentiable cdf. This implies that there exists a constant C5 > 0 s.t.

|Fa(x + €) — Fy(z — €)] < Cse, (48)

which gives a bound for part B.
Next, we check part C.

T

0 — Ur| = |T(S5) " (79) '35 — sT1;8,
< [(85) (X9 =178+ T(85) ;S - SEY Sy
< T2 X9 Ty - fuoouﬁrgmsijul
VT (S — SO
+ 2||Vr o VTS 2 (Si; — 8%)])2 (49)

Let B = vTT;"?(S;; — S), then

(U = Ur| < | BN+ 20ValbIlE ]l + 11051740 = Tlao(IVellz + 1 El2)* - (50)

First, we bound || E||? using the following lemma.
Lemma 1.2. Suppose the stationary linear Hawkes model from (6) satisfies Assumptions
1-4, and let T, = Cov(z(t)) and Y; be defined in (14). Then,
0< Cl(ﬁ) < Amin(Tx) < Amax(T:v) < CZ(ﬂ) < 0 (51>
ClAmin (Tx) S Amin (T]) S Amax (T]> S CQAmax (T:v) (52>
The proof uses a result on eigenvalues of the cross-covariance matrix of the outcome under
a covariance-stationary process given by Prop. 2.3 in Basu and Michailidis (2015) and a

modified result linking the spectral density of the cross-covariance matrix and the covariance
matrix of the outcome given by (Bacry et al., 2011) or Theorem 3 in (Etesami et al., 2016).

By Lemma 1.2, there exists constant C' s.t.

1E]2 <

(53)
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v

Next, we bound ‘ SO — Sy
2

S i?ﬁ) (f_j«t))
axane wo ((#)-(2)

“@en) (3 (o) 0 =) () (4)) o

Next, we introduce two lemmas to bound the terms & 3271 7 (¢) (E l(t)) and 7 ST E() ( L
—Jj

T 2 % E(0)

Lemma 1.3. Under Assumption 1-4 and the linear Hawkes model (2), for 7' > C'logp,
for some constant C' > 0,

P(I7 S0~ o~ T-(00) (5 )l > 0L < Crempl-Calogp) - (59)

The proof essentially depends on deviation bounds for the first-order and quadratic forms of
Z(t), described in Lemma S.2 and Lemma S.3.

Lemma 1.4. Under Assumption 1-4 and the linear Hawkes model (2) ,

P (n% >l (fj(t>) e > €4/ Sl‘;”) < Cy exp(~Calogp). (56)

t=1

The proof is a direct application of the martingale inequality given by van de Geer (1995)
as x(t), 0;(t) are bounded under Assumption 3 and 4.

The next lemma helps us bound the estimation error of B\ and .

Lemma 1.5. Let 0; = (us, 5;), pi = ||Bil|o and define H = %Zle <x(1t)> (1 (t)). Suppose

the linear Hawkes model (2) satisfies Assumption 1-4 and 6; is given by (17). Then, for

A= 1°7g,p, when T > C(p; + 1) logp ,

16; — 0:ll2 < C\/(pi + 1) log p/T
(0; — 0:)"H(6; — 0;) < C(p; + 1) log p/T
16; — i1 < C(p; + 1)\/log p/T.
with probability at least 1 — ¢; exp(—c2logp).
The proof of this lemma follows typical proofs of estimation and prediction consistency

of lasso. However, instead of assuming the restricted eigenvalue condition (REC) condition
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required for the consistency of lasso, we show that for a model satisfying our assumptions
the REC condition is met. This leads to bounded eigenvalues of the covariance matrix as
shown in Lemma 1.2. The introduction of p; 4+ 1, instead of is p;, is because by Assumption 3
i > 0.

1 ~ .
(t)) (1 x,j(t)>. Suppose the linear

—J

Hawkes model (2) satisfies Assumptions 1-4, and @ is given by (20). Then, for A < /2282,

Lemma 1.6. Let s; = ||wj|[o and let H = %23:1 <::
T

“@j - w;H2 < C\/(Pz‘ +1)Vs;logp/T
(w; —w) T H(w; —w}) < C(p; +1) V s;logp/T
|w; —will; < C\/(Pi +1)Vs;logp/T,

with probability at least 1 — ¢; exp(—czlogp).
The proof is similar to that of Lemma 1.5. Since w, is based on a /f(t) instead of Z(t),

the proof in addition needs to bound the difference o2(t) — oZ(t) as O(w%) based
on the estimation consistency by Lemma 1.5. That is why in the error bound we have both

pi +1 and s;.

By Assumptions 2 and 3, x;(¢) is bounded for every j = 1,...,p and t = 0,...,T.
Therefore, by Lemmas 1.3-1.6,

~ (s; V pi)logp
“S?j — Sijlla < CT (57)
Combining the above, || E|3 < C’%, with probability at least 1 — ¢; exp(—calogp).

Next, we obtain a bound for ||Vr|ls. We can directly use the intermediate result in the
proof in Theorem 3.1 of Zheng and Raskutti (2018) because the result only requires that
Lemma 1.1 holds for V. Thus,

P(|Vrlle > y) < CT8 4+ Oy ™2 (58)

To reach the final conclusion, we introduce the following lemma.
Lemma 1.7. Suppose the stationary linear Hawkes model defined in (6) satisfies Assump-
tion 1-4 and 3, w, and Y; are given by (17), (20) and (14). Then,

132157 — I < C\/plogp/T

and

203\ —1
12 (X9 7'} = Il < C\/plogp/T

with probability at least 1 — ¢; exp(—cylogp), where

T

T = 7 2o @a/ott) = (1 o/t (0) @) (ws/ot) = (1 a-i/ot) @) ()

t=1
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Due to the difficulty involving 57(t) in the estimator, we first bound the difference between
?9 (which replace 02(t) by o?(t) in 'Y”]) from T, using the lst-order and the 2nd-order (i.e
the quadratic form) deviation bounds on z(t) by Lemma S.3. Then, we bound the difference
between :f? and T based on the consistency of 52(t) to o2(t).

—1/4
Plugging in y = (%) into (58), we have

~o siV pilogp\ 2
|Up —Ur| <C T (59)
1/2
with probability at least 1 — ¢; exp(—celogp) — esT~18 — ¢y (Siv%ogp) )
1/2
Further, taking € = C<%> , we get
=~ (siVpi)logpy1y2 | Cs
sup |[P(Up < ) = Fa(w)| < Tl/g o) "t g (60)

pCs

VT

z€eR

The next lemma helps us bound |Uy — UY).

Lemma 1.8. Suppose the linear Hawkes model defined in (2) satisfies Assumption 1 - 4.
Then,

plogp)1/2
VT

1/2
with probability at least 1 — ¢; exp(—cy logp) — esTV/8 — ¢4 (M\/%Ogﬂ .

\ﬁT_ﬁg\go(

To bound ‘(//\'T — U9,

in Lemma 1.7, and to bound S; — :9\10] where :S’\% defined in (43) is Sy; with 52(t) by o2(t).

Thus, in the main proof of Lemma 1.8, we show HS” S?j is bounded by C’% with
2

probability at least 1 — ¢; exp(—celogp). To finish the proof, we use the weak convergence
result for U2 to x? which is proofed in the above (60).

it is enough to bound T j —f? which can be bounded using the result

1/2
. _ lo
Then, following Lemma 1.8, § = (%) )

sup |P(Uy < ) — Fy(z)]

r€R
< sup [P(Up < y) = Fa(y)| + Fa(x + 6) — Fulw — 8) + P(|Ur — Uf| > 0)
yeR
(s Vp)logp, 12 plogpyi2 | o7
—T1/8+ (T) +T1/8+C(\/T) +]§

1
Ci ((SVP) 0BPyY2 03
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9.2 Proof of Theorem 2

As before, we start by bounding U2 — Uy, where U2 defined in (40).
First, consider ¢ = 1/2. In this case, Ve > 0,

sup |P(Up < ) — Fd,\\ﬁug(x>‘ < sup ‘P(HVT — Al <y) = Fyzags
zeR E}ER J/
A
> C

Note that by Lemma 1.2 on the bounded eigenvalue of the covariance matrix T, A2 <

Anax (Tj) |A||%2. Then, for part A, applying Lemma 1.1 on the martingale CLT, we get
sup |P(IVy — I8 <)~ Fyyzj5(0)] < CIAJLT
y

For part B, we use an intermediate result from Zheng and Raskutti (2018),

The derivation of the result is purely based on the properties of non-central x? distribution,
thus is applicable in our case; see the proof of Theorem 3.2 in Zheng and Raskutti (2018).

Next, we bound part C. Let £ = \/T(Tj)flmgij — Vi + A. Then,

~ ~ 12
0 - [ve - &|[| < 1518+

VT—K‘

E
1B

/2 ;N -1 1/2 _ 2
(Tj> (T?) (TJ) .y <HVT -&|| + HEH2>
Let gij = %Zle(i(t) — i — T_j(t)Bi—;)T;, and define W such that Z5(t) = (1 Z(t)) W.
3 1
Let T =E ((1 z(t)) (g(t))) Then,

T; = Cov(Z}(t)) = Cov ((1 Z(t)) W) = (W;)TTW;.

J

+

Next,



Therefore, taking 3;; = VTA, then by Lemma 1.2 of bounded eigenvalue T; and Lemma
S.1 of bounded wj} and S.3 of deviation bound for the 1st-order and the quadratic form of

(1),

e~ T 1 ~
ot V)85 - 50 w3 (730 () @ 00 -7 )
t=1 2
SO | A -
t=1 [e'¢)
< CVT|8Y — Syl2 + C Slngp.

Recall that d is the dimension of 5;;. When testing a univariate 8;; (9), d = 1. If d > 1,
then Wy € R+, Now,

8 -85 =@ - )1 X (5 ) GO+ T8TE )

=I+I11+111

Then, by Lemma 1.4 and Lemma 1.6 on the lasso estimation consistency of w; together with
Assumption 4 of bounded transition kernel function, we get

(sVp)logp \/logp 1 (sVp)logp
< <
I< C\/ - SLera) < b

Also, by Lemma 1.3 and Lemma 1.5 of the lasso estimation consistency on fi;, B\i, 11<C k’%.
Finally, by the lasso prediction consistency by Lemma 1.5 and Lemma 1.6,

(sVp) 1ogp\/plogp
111 < .
= C\/ T T

Combining the above, with probability at least 1 — ¢; exp(—cqlog p), we have

(s Vp)logp

155 — Siill3 < T

(sVp)logp
ThU_S, ||E||2 S OT

Next, by Lemma 1.1 and the tail bound for x? distribution (Lemma 1 in Laurent and
Massart (2000)),

P(HVT—ZHQ >y) < O3 4 Coy . (61)
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—1/4
Then, taking y = (W%) ’

09~ ve - &[] < c(—<8 ve) logp)1/2’

VT

1/2
with probability at least 1 — ¢; exp(—cy logp) — esTV/% — ¢4 ((SV”)%) .

1/2
Then, following Lemma 1.8 (and the discussion for ¢ = 1/2), and taking 6 = <p %p ) ,

sup |P(Ur < z) — Fy(x)| < sup |P(US < y) — Fy(y)]
z€R yEeR

+ Fy(z +08) — Fy(x — 6) + P(|Ur — UY] > 6)

< oy exp(—calog p) + 5T % + ¢, (M) 2
B VT

lo 1/2 sVp)lo 12
e (p gp) +C6€Xp(_c7logp)+ch1/8+CQ(( p) gp)

VT VT

< Crexp(—Cylogp) + CT 5 4 (w) 2
- JT '

0

Next, we discuss 0 < ¢ < 1/2. By Lemma 1.7, ‘ T;/Q (T; )71TJ14/2 — IH converges to 0

w.r.t T, then for T > ¢ for some constant ¢, with probability at least 1 — ¢; exp(—cs log p),

Up = T5%(T;)) ' 30
> T||(fj°)”2§?j||§(1 [Ty (1) ) - IHOO)

—~0, _1/2 ~,
> CT)|(T; ) 25012

2
—~0. _ —~
> O(TH(TJ» )80~ S, — ||vT||2) .

But,
- =@ - F 30 700
_%i 7)) — (1 7_5() @), (1) By
%i (#:(6) = @] (z_jl@)) ) (1 &) (Bi) B (ﬂiz))
=F, + By + E5.
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By Lemma 1.4 and Lemma 1.6, || E4 ||z < (sv%&’ with probability at least 1—

Also, by Lemma 1.5, 1.6 and 2.1, we can show

T

¢y exp(—cy log p).

),

”E?’”F”%;(@(t)_@ (1)) @ w5 ) = (4 )
<=2 (s ho) 0 e () - (4 )]
g(w—(l F0)wj+ (1 F40) (] - 7)) (gj@))“mH(gfj)—(ﬁjﬁij
< @‘wf)%é@u)) (= ())<(B?ZJ>_(5TJ‘))2
50 ()| Affz)—(ﬁffi) |
i) L )- (e
SCl\/(sVp)logp\/plong) \/plogp\/plogp+c\/( )logp\/plogp
SC(SVPT)IOZP, '

with probability at least 1 — ¢; exp(—c2logp).
To bound E,, we can write, by Lemmas 1.6, S.1 and S.3,

T
1 - ~ N~
I D (@0 = (1 3®) @) 7)) = Tylo
t=1
1<~/ 1
e HW; 1 f; (f(t)) (1 :L‘(t)) —
1/ 1
#1323 (5) (¢ 70)
(s V p)logp
< A0t =2
<C T
with probability at least 1 — ¢; exp(—cy log p).
Then, by Lemma 1.2 and ;; = T~%A,
1
B N L
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Hence,

_ _ 2 ?
TS - s 2 (e - QEEIRERY s or o

with probability at least 1 — ¢; exp(—czlogp).

In addition, by Lemma 1.1 and taking the intermediate results in the proof of Theorem
3.2 in Zheng and Raskutti (2018) about the tail bound of x? distribution,

P(IVrlla > e\TY?7% — cy/z) < T8 4 Cexp(—(ar TV — e2/1)?).
Therefore,
P(U% < z) < crexp(—calogp) + csT 8 + ¢y exp(—(cs TV~ — c5v/7)?).
Then, following Lemma 1.8 (see the discussion for 0 < ¢ < 1/2), we have

~

P(UP < x) < ¢y exp(—cylogp) + esT7V8 + ¢y exp(—(c5T1/2’¢ —c5v/7)?)

Lastly, we discuss the case of ¢ > 1/2. As before, one key part to bound ‘(7% — UT’ is

— (@; —wj)" <% :)1 (:El_]) (1 f_j)) ((3?;) - (Bf:))

By (63) and Lemma 1.2,

1
< 54l + Csyf2F <€

2
For the first three items, we use Lemmas 1.3-1.6 and Assumption 4, then

S0 - (1 70) 85, (0A

—1/2/ G V)l
||ﬁ(T]) 1/2<S’?j — SZ])||2 S Cl(sp—\/)Togp + CQT1/2_¢7

with probability at least 1 — ¢; exp(—czlogp).
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—1/4
Then, combining (61) with y = <(SV‘))%) AT@#=1/6 then following (16),

770 (sVp)logp V2 (2¢—1)/3
‘UT—UT‘SCl T +02T ,

with probability at least

Vo)1 1/2
1 — ¢y exp(—cylogp) — csT~V/8 (%) _ O T-D/3,

1/2
if (sVp)logp = o(v/T) and T > C for some constant C. Therefore, taking ¢ = C| ((SVP)%) +
C,T-20)/3,

Ch
T1/8

(sVp) logp)1/2+ Cs 20

VT

1/2
. . _ lo;
Then, following Lemma 1.8 (Remark for ¢ > 1/2), taking § = (p\/%p> ,

sup [P(Up < @) = Fu(z)| < 7 + Ca

sup |P(Ur < x) — Fy(z)| < sup |[P(US < y) — Fa(y)|

yeR
+ Fy(z +6) — Fy(x — 6) + P(\UT — U9 > 5)

cl (s Vp)logpy 1/
= 1/8 2 VT ) + =
1/2
plogp Cs (sVp)logp\12 | o1
o RS o =¥ - T 5
+C4< \/T) T8 ( JT ) +p +c3 ¢
& (sVp)logpyiy 03

9.3 Proof of Theorem 3

The proof extends the proof of Theorem 3.4 in Zheng and Raskutti (2018) for the VAR
model to the case of linear Hawkes model.

First, note that
T ~ ~ ~
Z % (0)(By — By) = Sy + T, (5@- - 5¢j>=
where §Z»j is defined previously (23).
Then,
-1
bij — Pij = — <Tj) Sij
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Thus,

Next,
Re-0r=6)°((0) (1) -(%) )5

According to the proof in Lemma 1.8, we know P <|\§ij—5ij |2 > %) < ¢y exp(—calog p).
In addition, S;; is bounded based on Assumption 3 and 4 and Lemma S.1 which leads that

73 (t) is bounded for all ¢. Thus, §ij is bounded with high probability. Therefore, we focus

—1 —1 -1
on bounding (T]) Yj (T]) — <'Y]> .
Lt E=T, -7, WewriteEintoE:Tj—Tg%—:f?—T?—l—f?—?j.

First, we bound E° = T? - T? Notice that

B < |7 3 (50~ (0 7500) @

o

IN
N =
(7~
RS

N

<

=

|
—~

—_

21

d

=

N
\)g*
\/ \—/

=

d

=

S~—

S > (AL T o
+ %Z(J@) (T 12 =l

With probability at least 1 — ¢y exp(—cq log p), the first item on RHS is bounded by C' %

by Lemma 1.3 and 1.6; the second item is bounded by C’% based on Lemma 1.6 and
Assumption 4. For the third item, by Lemmas 1.2, S.1 and S.3,

D (E 1.(15)) (U 35@) wif < ITjimgwjllee

%Z (~1 <t>) O Fall) =T

< Amax (T) max(wj) + ¢ pl;gp <C

o0

+ [l

o0

Then, by Lemma 1.6 and combining the first two items in E°, [|E?|| < Cy/22%62 with
probability at least 1 — ¢; exp(—cs logp).
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By Lemma 1.7, we know that

= = lo
P(HT? — T2 > \/pi%) < ¢y exp(—calogp).

Following a similar proof as we did to bound T? — fj in Lemma 1.7 based on the consistency
of 7;(t) to o;(t), we can show that

~0 & [ lo
P<HT9 — Tj”g > pl%) <c exp(—cz lng)

Therefore, || E|lo < C/ 482 with probability at least 1 — ¢; exp(—cz log p).

() 5) () (1) (o)) (D))
(Tj) 1, (Tg) s (@) By E B(T,)ET.

Based on Lemma 1.2 and 1.7, there exists C' > 0 such that with probability at least 1 —
c1 exp(—cq log p),

and

Anin (T5) = Aguin (T;) = d||T5 = 15100 > C

-1
which implies Amax(fj)_l < C~!and HE(“@) E"|oo < Cd||E||s with probability at least

1 — ¢y exp(—cq logp).
Then,

|)5(5) - ()= ()2 (7) - (=) = vm-

Let P = < ) ( ) ( j> and ) = T j, using the invertible matrix inequality result
given by Lemma A.2 in (Zheng and Raskutti, 2018) that

1@ 2[1P]l2
=@Ml Pl

(5) () mi(n) () (0)
<c|)5 () (5)

with probability at least 1 — ¢; exp(—cs log p).

I(P+Q) " —Q 7', <

we show

(5)

)
R
)

<

2
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Appendix: Proof of Technical Lemmas

To proof Theorem 1-3, we introduce technical lemmas 1.1-1.8 which essentially depends on
Lemma S.1-S.3. We give proof of all these lemmas. We also use results from previous work
in Lemma D.1-D.4. We refer audience to the original source for details.

Lemma 1.1-1.8

Proof of Lemma 1.1

The main part of the proof is based on the result on the martingale difference sequence. Our
proof extends the previous result in VAR model (Lemma 5.3 in (Zheng and Raskutti, 2018))

to the linear Hawkes model (2).

Let

_ 1 4—1/2€z'(t)§*
e = ——=(1) " W 65

where 0;(t) defined in (8) and 7(t) defined in (11).

As defined previously, Hr; is information filtration of the past. Then ({14, Hr:) is a mar-
tingale difference sequence, and Vi = tT:_Ol &ri. To complete the proof, we use Lemma D.1
as follows, which is a technical Lemma from (Zheng and Raskutti, 2018) which is a modified
version of Lemma 4 by (Grama and Haeusler, 2006). Although the original application of
this Lemma is on VAR model, the Lemma requires a martingale difference sequences as an
object to consider thus can be applied to 7.

Lemma D.1 Let (&, Hn.i)o<i<n be a martingale difference sequence taking values in R?. Let
XE =30 € and (XM = S8 ap =8 E(Eui& | Hui1). Define Ry = L3+ N,

n,d n,d n
L5 :ZEH€M||;+267N5 = ZE“<X >n_1||%:—67
i=1 i=1

Then Yu € R%,r > 0,0 < § < 1/2, when R}* <1,
P(IX7 +ulls <) = P(I1Z +ulla < 7) < C(|lulls, d, 6) (R5 )
where Zgx1 ~ N(0,1), C(||ul|2,d,d) is non-decreasing as ||ul|2 increases.
By Lemma D.1, to complete the proof, we need to check the bound for R?’d = Lg’d + Nén’d.

First, by Lemma 1.2, both A .« (Tj_l) and Apax (Tj_l) are bounded. Second, by the bounded
intensity by Assumption 3 (ie. 0 < Apm < M) < Amax < 1) and Yi(¢) € {0,1},
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e;(t) = Yi(t) — \i(t) and O'Z( ) are bounded. Third, by Lemma S.1, ||} | < [[w]]l2 < C. At
last, z;(t) = x;(t) < fo t)dt is bounded by Assumption 4. Therefore,

175 Ol = 12511 + (1 Z-) willy < (1 + dsllwf|%) max [a5(1)/ou(t)|* < COds,

which implies
d 1
Ly = Elén|3t < oT () ZEH i &(MT; (B3 < C(d, 6)T*(ds)"*"
=1

Remark: Note that we have an easier proof comparing to Zheng et al (2018) because in
our case according to assumptions to the Hawkes model, z(¢) and ¢;(t) are bounded deter-
ministically, while in Zheng et al (2018), they consider sub-gaussian error so they need to
proof the bound L} based on z(t) and ¢;(¢) with high probability. d here is dimension of
fBij to test. In our case (9), d = 1 but the proof is applicable for any fixed low dimension d > 1.

Next, we check the bound for Ng’d. Notice that

S
-

ﬂ =

T
B(eri€l M) — 1 = (1) Z )" —1)(T,)

t

Il
=)

By Lemma 1.2, the rank of (T;)~ 1/2( ST () (Z (t))T — Tj) (Tj)_1/2 is at most d. By

matrix norm inequality as introduced in A.3 (Zheng and Raskutti, 2018) that for B € R4*4
[Bller < df| B2,

then

where the last step is based on matrix norm inequality
[Ball2 < d|[ Bal|

and Lemma 1.2.
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We introduce the follow Lemma to bound

I Z Tyl < (1 g R S F) F) T - E(% > (f(t))Tﬂt)) s
T HESEORE DR

Lemma S.3 Under Assumption 1-4 and the stationary linear Hawkes model defined in
(6), we have

P(I X @) 50 - £33 @00) 501 > 8) < cxoxp (- comin {7077} )

(66)

T
( ! Zx ( )Hoo > C(S) << ¢y exp(—cyT6?).
t=1

Remark: The proof is essentially based on the deviation bound of the lst-order and
quadratic form show in (81) and (80) in Lemma S.2 and apply Taylor expansion to reach
the conclusion.

By Lemma S.3,
o T
W< [T P (g 3 @) HO - T1e) > )i
- 1= oy T
-~ P(dQHT;(fc}‘(t)) B0 =Tl > 0 )i

< /OO 1 €Xp ( — cpmin (Zr2/(1+6)/d4, \/ zrl/(lJr‘s)/dQ))dr
0 s s

= C/(8) max{T—(1+9/25140)/22(146) p=(143) s(14+3) 74(1+6)}
where the last step is based on the integral of gamma function.
Assume s = o(T) and d = o(T') and combine the two parts,
RyT = LY 4 NP < C(0,8,d)(T~ /2 4 779

Here C(6,s,d) is increasing with s which implies bounding R?’d becomes more difficulty
when the sparsity s and/or the dimension of parameter to test d becomes larger.
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Therefore, by Lemma D.1, we have Vo > 0,u € R%, and § € [0,1/2], when T > C(6),

. s
um&+usm—ﬁawunscmw;¢®0£ﬁ (67)

The best rate is achieved when taking 6 = 1/2, when 7' > C,
|P(Ur +u < 2) = Fyjuz(@)] < C(lully, s, )T (68)

Proof of Lemma 1.2
For consider bounding the eigenvalue of Y, = Cov(x(t)).

Without loss of generality, consider a discrete time scenario with unit time window (dt = 1).

Then, z;(t) = S2'_1 k;(t — 5)Y;(s) and (1) = 0. Let

s=1
k1(1)61 k1(2)€1 /ﬁ(?))@l e e kl(t — 1)61
Kt_l _ kg(l)eg k2(2)62 k2(3)€2 e e k’Q(t — 1)62 c RpX(t—l)p’
k,(L)e, ky(2)e, kp(3)e, ... ... ky(t—1e,

where e; € R? with 1 on the j-th entry and 0 all other entires.

Let V; = (Yi(),...,Y,(t))T € RP. Then, (t) = K,_,Y,_,, where Y, = (Y (t),...,Y(1))T.

T, = Cov(z(t)) = K, 1Cov(Y;_1) K,

Therefore, to bound the eigenvalue of T,, we need

e Condition 1: 0 < min; k;(1) < max; > o, k;(t) < C < o0

m
e Condition 2: 0 < ApinCov(Y) < ApaxCov(Y) < 1
The first condition is met by assuming an integrable and non-trivial transfer kernel function

by Assumption 4. We show the second condition is met by a specific structure of the transfer
function.

We first introduce a result (Prop. 2.3,(Basu and Michailidis, 2015)) linking the eigen-value
of cross-covariance matrix with its spectral radius. Although the original application of this
result is for the VAR model, this result is valid for a cross-covariance stationary process.

Let Y = (Y(T),...,Y(1)) e R™?, ¥ = Cov(Y) € RTP*TP and T'(I) = Cov(Y (t), Y (t+1)). De-
fine the spectral density function, which is the Fourier transformation on the cross-covariance
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L), f = o= [7 T(1) exp(—i6l)dl.
Lemma D.2 Under the linear Hawkes process with cross-covariance stationary,

2rm(fr) < ApinX < ApaxX < 27M (fr)

Here

M(fr) =ess sup /Amacfr(0) fr(6)

oc[—m,m]

m(fr) = ess inf \/Arman (0) fr(0)*

oe[—m

Next, we introduce the result linking the spectral density I' to the spectral density of the
matrix of transition function €.

Lemma D.3 The Fourier transform of the normalized covariance matrix of a stationary
multivariate Hawkes process with window size z is given by

fetw) =2(1 - o)) " diag(y) (1= sstw)) B

The result is a direct extension of Theorem 1 in (Bacry et al., 2011) or Theorem 3 in (Etesami
et al., 2016) from assuming non-negative transfer function to a general real function. This
result extends the class of linear Hawkes process including non-mutually exciting structure.
The proof is directly established by re-writing a real function into its positive part and its
negative part, and then complete the proof by the distributive property of the convolution
operation.

By Lemma D.2 and Lemma D.3,

2min(A) 2max(A)

v (1= fiw) A (1= i)

Therefore, one sufficient condition to bound the spectral radius of fr is to assume

e Bounded intensity function as assumed in Assumption 3;
o Nux fo (t)|dt < 1 which leads m([ fé(w )) > 0 as assumed in Assumption 1;

e Bounded row and column sum of 2 as assume in Assumption 2; that is,
1<5< p

p p
]:
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Since for a fixed time range T', both A and 2 are constants only containing 3, we have

0< Ol(ﬂ) S Amin(Tac) S Amax(T:v) S CQ(ﬂ) < 00

By Assumption 3 of bounded intensity such that 0 < Apax < ANi(f) < A < 1, 0 <
c1 = min{Anax(1 — Anax)s Amin(1 — Amin) } < 02(8) = N(O)(1 — Ni(t) < 1/4 = co. Let
T =Cov (x(t)/ai(t)),

G, < T < e, (69)

Notice that
Cov(T}(t)) " = (T_1>
Jj

which means that Cou(Z}(t))~" is a principal submatric of T='. Then, by the Cauchy’s
interlace theorem for eigenvalues of Hermitian matrices,

Amin (Cov(Z5(£)) ") > Amin (r7)
Amax (Cov(@:(1)71) < A (T71)

Therefore,
ClAmin (Tzl) S Amin (le) S Amax (Tj1> S CZAmax (Txl)
|

Remark: In the above, we specify the condition to upper bound M (I — fé(w)) in order to

be comparable with the results in VAR model shown in (Basu and Michailidis, 2015). Other
condition could also be available to bound the spectral radius of fr. For example, we could
consider a bounded transition function value; i.e., max;<; j<, {2;; < Co < 00, and consider
sparsity of the transition matrix  such that p = >"" | p;, as defined previously p; = ||5ilo,

where p does not goes up with p. Then M(I — fé(w)) <1+ pCq.

Proof of Lemma 1.3

Lemma 1.3 is similar to Lemma 5.6 in (Zheng and Raskutti, 2018). One of the key part of
the proof is the construction of w* such that E (2} (¢)Z(t)) = 0 for any k # j.
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WLOG, consider j = 1 for convenience of notation. Notice that z; (t) = z(t)ex, ex =
(0,...,0,1, 0,...,0 )" € R”. Denote W such that Z(¢) = (1 Z(t)) W;. Then,

k—10s p—k—10s

Also, note that E(+ ST T5(1)T, (t)) = 0,k # j by the definition of w?.

Then, by Lemma S.3 of the 1st and 2nd order deviation bound on z(t) and Lemma S.1
of bounded w}, we have

H—Z Ol = 1 S FOF (1) ~ B 75007 ()

t=1 t=1

~ |

AL %i (x(lt )at) - E (%Z (500 %<t>> el
< (sl +1) %Z (5y) 7)) - B %Z (500 %(t)) fexl
<c sk;gp 7 7 )

with probability at least 1 — ¢; exp(—cz log p).

At the end, we take a union bound over all k¥ # j to reach the conclusion. B

Proof of Lemma 1.4

The deviation bound for linear Hawkes process has been discussed in previous literature
(Chen et al., 2017). We first introduce a Lemma given in (Chen et al., 2017) which is a
direct result based on the martingale inequality from Theorem 3.1 in (van de Geer, 1995).

Lemma D.4 Under the linear Hawkes model, let H(t) be a bounded function that is H;-
predictable. Then, for any € > 0, the inequality

%/OTH(){)\()dt—dN( } {m/ H2(t dt} et/?

holds with probability at least 1 — cexp(—€T) for some constant ¢, for any i =1,...,p.

2
By Assumption 2, there exists constant C' such that ||z(¢)]|3 < < . fo k(¢ |dt> <C.
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log p
Td

By {ei(t),H:} is a martingale sequence and Lemma D.4 taking ¢ = and union bound

over low dimension d,

T
lo
(H_ZQ (1) > C :,%p)gclexm—mogp) (70)

t=1
Next consider ||+ ST &) 5 (1)]] o

Let H(t) = %(t)’:i; (t). Notice that |75 (t)||3 < [|1Z;(t)|l3 < C by the choice of w* and Assump-
tion 4 of bounded transition kernel function. Then, according Assumption 3 of bounded
intensity function which lead bounded o (t),

Therefore, applying Lemma D .4,

T
P(Il L a0F 0l > 0y 2EL) < Cioxp(-Clos) ()

t=1

Another result by Lemma D.4, taking H(t) = 1,

/_\
S| -
]~
Q
8:
AV
Q
|02
=

> < Cyexp(—Csylogp) (72)

Proof of Lemma 1.5

The proof is typical for estimation consistency in lasso estimates. We start with the basic
inequality induced by the construction of the lasso estimator in (17). We then bound the
prediction error of the lasso regression using the results of Lemma 1.4. Next, as one of
the key part, we show that the restricted eigen-value condition (REC) is satisfied with high
probability in the linear Hawkes process under our setting based on what we show about the
bounded eigenvalue of T, in Lemma 1.2.

By the construction of the lasso estimator,
L I

fii» B; = arg_ min —Z(Yi(t)—u—x(t)ﬁ)”AHﬁHu
=1

weR,Berr T
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we have

!

T
= S (0) — B — 2B + MRl < 041 = s = (05 + Al

t=1

LT L Y and u = Ji;—pi, v = Bi—B;. Define s = {j : 3i;
Let H= %>, ((a:(t))T) (1 (x(t))") and u = fi;—p;, v = B;i—f;. Defi {j: Bi; # 0}

and s¢ = {j : #;; = 0}. Re-organize the above,

wonya () <2 %ieim (n )| 1G] 200 = A

<

T
1 1 y
- T;Q()Qx(t)f) R 1* [vslls = Allvse]lx
1 <& 1 y
=272 At Allvslly = Allvse
T;E()Qx(tw) AT o[l = Allosel

By Lemma 1.4,

g

Taking A\ = 4C'\/logp/T leads that

Py (wor)

t=1

< C\/logp/T) > 1 — ¢y exp(—cqlogp)

3\ A
0<(u v")H (z) < Slloslh = S lvse

1 3\ A
1+ §>\||U|’1 < 7” (u vs)ll — §||Usc

1
Let § = (Z) € RPT. Define 6, = (u,vs) and e = (vye). Then,

3\ A
0<6THO < 5 10l = S 116
||933

1 < 3||0s]]1

Next we introduce Lemma A.1 from (Zheng and Raskutti, 2018) (with only change in nota-
tion) to bound the minimum eigen-value of H with high probability.

Lemma A.1: Assume Assumption 1-4 are satisfied and a stationary linear Hawkes model
satisfying (6). For any set J C {1,...,p}, H satisfies the following REC

inf{0"HO:0cC(J,k),||0], <1} >C, >0

with probability at least 1 —2exp(—cT’), when |J|logp < CyT. Here C(J, k) = {6 : |0
k||0|1}, constant C' depends on ;. ¢ and Cy depend on x and f;.

1 <
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1T

Here we give a sketch of proof. Let I' = E (lT x)) The proof can be split

into two parts. First, by Lemma D.6 in (Zheng and Raskutti, 2018) and Lemma S.2 (the
concentration bound for the 1st-moment and quadratic form of z(t)), we show |9T (H-T) 0!
are bounded with high probability for any 6 € C(.J, k). Since

inf{0 " HO:0 € C(J r), |02 <1}
> Ainl —sup {|07 (H —T) 0] : 0 € C(J.5), 0] < 1}
1 .
Z _AminFa
2
with probability at least 1 — ¢1 exp(—coT'), the second part is to show A (f) is bounded
from 0. By Lemma 1.2, the bounded minimum eigenvalue of I',, we have Ay E (2 ()z(t)) >
Apmin (I';) > 0, which implies that the p-unit multivariate process {x;(t)}i<;<, are not lin-
early correlated. In addition, by Assumption 3, thevprocess x;(t) is not a trivial process of

constants, we conclude the minimum eigenvalue of I' is strictly positive (otherwise, we met
contradiction to the result of Lemma 1.2 or Assumption 3).

Therefore, by Lemma A.1,

3A

S;H(“ v )l
3 1

< 540\ Vo Tl (e oT)l:

1
<60y 5V 1w vT)

Then, combining all constants into one term,
6]l < C/(pi + 1) log p/T
0"HO < C(p; +1)logp/T

1011 < 416111 < 4/ pi + 1]|05]|2 < C(ps + 1)\/1ogp/T

Proof of Lemma 1.6

The proof is almost the same as Lemma 1.5 except that 1) we work with the scaled data

(Yi(t),z(t)) and 2) we use Lemma 1.3 instead of Lemma 1.4 to bound estimation error on
w;. W
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Proof of Lemma 1.7

Notice that
102512 Il < I TY2T ) - 1)
< (Auin (7)) 7HIT5 = L5l
< dC|T; = Tyl
Next, we bound [|T; — ¥;]|sc.

Let
T

T) = T > (wi/ol(t) = (1 a_j/od(t) @) (x; /ot (t) — (1 x_;/ak(D)) @) @)

=1
The difference between f? and T, is that we replace 52(t) by the true value o2(t). Thus, to

bound the difference between Tj —7T;, we bound the two parts ?9—T ; and T j —Y? separately.

Then, first consider,

o= (73 (s Jo)0)
@y (23 (1) 0 7))@
=FE) +2E; + Es o

By Assumption 3 and 4 and Lemma S.1, we have z;(t), 07(t) bounded for all t. In addition,
by Lemma S.1, 75 (¢) < #“)Hw;HlH:vj(t)Hoo < C. Then, by Lemma 1.5 of the lasso estimation

consistency,
= . / log p
[ Bl < [[C(W; —w})[[i < Cy/pi Vs T

. . log p
1Es]l2 < Cll@; — will} < pi Vs T

with probability at least 1 — ¢; exp(—cs log p).

Next, we look at F;. WLOG, consider j = 1,
SPINION, -,
T (0)(%5(0))

T (8)) (35 (0) — wly — wi_75(0))

(;(8) — wjp — wj

= (¥;(t) —wj ;75(1) (¥,;(t) — W} _;7;(t))
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Then,
T 1

Bl = L (5 )Tl 3 ool B(

i Yi (t) ‘7‘—@)

ot (5 Ve Y et B

t=1
Therefore, by the 1st and 2nd deviation bound on x(t) shown Lemma S.3 (81) and (80)
together with Lemma S.1,

o0 (0)

logp
T

[ loo <

with probability at least 1 — ¢; exp(—calogp).

> pi V s;jlogp
79— Tl < 0y EL28E

with probability at least 1 — ¢; exp(—czlogp).

Combining all together,

Next, we bound ?9 — Tj. Let D; = i’—gg Then,

-7, = % S D2 = 1)(@(t) — T (1)@,-5) — 2(D; — V)i (T;(t) — 7i(8)@j.—5)

t=1

~

1 T T N
Wjo (T;(t) — T_;(t)wj ;)

o~ = N 1
<||D} - Uloo D (@i(t) — T (6)@;—5)° + 2| Di — oo >

t=1 t=1

By Assumption 3 of bounded intensity function, the prediction consistency in Lemma 1.5,

102 1), = | D =@
‘ o2 (t)

< CIN(t) = ()|

< Cy/pilogp/T

with probability at least 1 — ¢; exp(—cz log p).

By Lemma 1.6 together with Lemma S.1 and Assumption 4,

1 S » 1L/ 2
G000, < 13 (50 + 00 )
=1 t=1
1=
= Tij + Wjoll3
1 ~ 1 ~x =* * * -~
< f”%”g + TH% - xg”% + “wj(]Hg + ||wj0 - ij”%
VTS AV
< 01+02%+03+04% <
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with probability at least 1 — ¢; exp(—c2logp) when T' > (p; V s;) log p.

Following a similar derivation based on the estimation consistency of lasso for w}, we can

¥ )
show that
1
T
t=1

is bounded with probability at least 1 — ¢; exp(—cz logp).

@jo(T;(t) — T ()W)

Then,

T) -7, < C\/pl- V s;logp/T
with probability at least 1 — ¢; exp(—czlogp) when T' > p; log p.

Therefore, combining all the above,

12T ~ Tl < OV sy logp/ T

and

||T;/2(T?)_1T;/2 — I < C\/pi V s; logp/T

with probability at least 1 — ¢; exp(—czlogp). B

Proof of Lemma 1.8

We start with the proof under null hypothesis, that is to consider 8;; = 0. We actually get
the same the result under alternative hypothesis and we discuss this at the end.

Due to the difficulty involving the unknown variance o;(t) in Ur as defined in (25), we
introduce U2 which is defined as

0p = V11 (73)
D2 — VT80 (74)
St = 730 75 (50 = i = 2, (03.) (2,0 os(0) = B — 2,0/ ou)8,)  (75)

We see that the difference between §20j and :S‘\ij defined in (23) is that we place ;(t) by o;(t).
Based on the technical details in the proof of Theorem 1, we can find that to bound
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’ﬁT — (7% , it is enough to bound :S'\Z-j — :S'\f] and Tj — '/fg)

< +/pilogp/T With probability at least
S, — 82 15 bounded by C2-282

1

By the proof of Lemma 1.7, we have ‘?] - T?

1 — ¢ exp(—cglog p). Therefore, in the follows, we show

with probability at least 1 — ¢; exp(—czlogp).

First, we see the follows:

§z‘j - §SJ = %Z /J\il(t) (Y;(t) - ,az - $—j(t)gz’,—j) (xj (t)//a\z-(t) - @jo - x—j@)/&z’(t)@j,—j)

- % > ,1 (Vi) = i — w5 (1B —5) (1) o () — Wjo — () [rs(1);—)

= IS U L (yi) = i — 0 (05 (2(8)[4(8) — B4 (0) [ 0) — 25 (0) [, (0

T~ 52(t) o4(t)
_%tiait) (Yilt) = i — 25 (OB ) (w30 or() — oo — 25(8) (D), )
_ %Z (ZEQ . 1) 5 050 = 7 = s (05,5) (w58 te) = T — 250/ ()
EE 0 050 (s )

D N T 10
T 2 3@ i O e 2 OB B )
=A+ B

For ease of notation, we take § = (gl) and z; = (1 x(t)) for short. Then,
of(t) = GL(t) = wB(1 — 2) — w1~ 2,B) = (8= B) ") (1~ (5 + )

Note that 1 — xt(g + () is bounded with probability at least 1 —¢; exp(—cs log p) according to
Lemma 1.4 on lasso prediction consistency and Assumption 3 of bounded intensity function.
In addition, by Assumption 4 of bounded transition kernel function and Lemma 1.4, with
probability at least 1 — ¢; exp(—czlogp),

lo7(2) = 37 @)oo < 118 = Bllulailloo It = 20(B + B))lloo < Cpin/logp/T

44



which implies that 52(¢) is bounded for all ¢ with probability at least 1 — ¢; exp(—co log p).

Again for ease of notation, define f_; = (ﬁuZ > and z;7 = (1 x,j(t)). Then,
=]

Yilt) = s = a5(0)Bieg = 6(t) + (s = ) + w5 (8) (Big = Biy)
= ait) + ;7 (B — By)
Then, we write part A as follows:
1 2 ~2 . .

A= T Z (o7 (t) =5 (t))ei(t)m(%(t)/%(t) — Wjo — x—;(t)/oi(t) ;)
x;(t)/oi(t) — Wjo — w—;(t) /o3 (t)Wj,—;)

= (8- B)T% Z%?Q(ﬂ(l — (B + 5))W(%‘(t)/0i(t) — Wj0 — x;(t) /o3 (t) ;)

(1 - T 7 1 ni w0

+(B-5) (f > al (1—z(B+ 5))m(1’j(t>/%(t> — Wjo — x_;(t)/oi(t) D _5)x,” )(5—1 B_;)

= Al + A2
Let Ci(t) = (1 — xt(ﬁ + ﬁ))—alt)( i(t)/oi(t) — Wjo — x_;(t)/0i(t)W; ;). By Assumption
3 of bounded intensity function, Assumption 4 of bounded transition kernel function and

Lemma S.1, we can show that with probability at least 1 — ¢; exp(—calogp), Cy(t) < C.
Then, by Lemma 1.5 of estimation consistency on [3;,

pilogp
A1l < 118 = Bl ||—Zwt &(t)Ci(t) oo < O

probability at least 1 — ¢y exp(—cy log p). The last inequality is by Lemma D.4 (van de Geer,
1995) (described in Lemma 1.4) where we take H(t) = z; Cy(t).

By the same reason for bounding Ay,

2 pilogp
[zl < Ci(®)llz; (D% 116 = Bll3< © T
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Next, we bound part B in a similar fashion.

oi(t) = 3; (1)

]

= l Z (ei(t) + (8 — B)xj)ﬁ}jo/ﬂ

T4 F0(o(0) + 540
st 720 (= alB+ O ey mm)

(1 - T A @jo —j a2
+ =B (532007 (1 2B+ ) sy ) 6o )

EB1+B2

Similar as bounding part Ay, by the consistency of 6(t) to o;(t) discussed before, Assumption
3 and 4 and Lemma S.1, we can show that (1 — Jct(b’ + ﬁ)) is bounded with

2t)(o ( )m( n)
probability at least 1 — ¢; exp(—czlogp). Then, applying Lemma D.4 (van de Geer, 1995),

Z’lO
| Bill2 < C’%

With the same reason bounding B; plus Assumption 4 of bounded transition kernel function,

; 1o
| Ball2 < < cloek Tgp

Therefore,

~ ~ log p
15 — Sisll2 < Cpi—s

(76)
with probability at least 1 — ¢; exp(—cz log p).

Finally, we repeat what we have done in Theorem 1 to bound ‘f]\% — UT‘ and take advantage

of the weakly convergence result of I/J\% to x2, we reach the conclusion that

(pz- Ing) 12
VT

1/2
with probability at least 1 — ¢; exp(—cologp) — cs T8 — ¢4 (L\%p) .

0 — U] <

Remark: Although we proof the result under the null hypothesis in the above, for ¢ = —=

and ¢ > —z, we can show that UT has the same weakly convergence results as Uy U9 shown in
Theorem 2 under the alternative hypothesis using the same proof steps above but with the
weakly convergence results of U to x2 1A and x? respectively for each case.
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For 0 < ¢ < %, we can repeat the proof in Theorem 2 at (64), we write an extra step

as follows, using the result we just show in (76),
2 —~0 _% ~ =0 =0 2

N\ —1/2 B i log p (55 V pi)logp ?
> 7| (0 OVt - PR 0 TP 08D
- H( ’) ( 1 VT VT

(78)

> 0T 2, (79)

T H(TAj)_%(@j — Sij)

Then, we continue with everything else the same in the proof of Theorem 2 for 0 < ¢ < 1/2
to reach the same result for P ([7T < x) as that for P <(7% < x)

Lemmas S.1 - S.3

Lemma S.1 Let s; = [[w]|lo and s = max;_; ., s;. Under Assumption 1-4 and the linear
Hawkes model (2), there exist some constant C s.t.,

lwillz < €

[willy < Cy/s;

Proof of Lemma S.1: By Lemma 1.2 of bounded eigenvalue of T,, we have
Jetll2 = 14 107 112 < 1+ A (T3, (L) 2 < ©
Then,
[willy < \/5jllwllz < Cy/5;5

Lemma S.2: Assume Assumption 1 - 4 are satisfied. Consider the linear Hawkes model

follows (2). Then, V6 > 0 and 4,j € {1,...,p},
>5) < O exp( Cgmln{\/7(5 —52 )

( sz 2t ( le 2t )

where p = max||5;|lo and C}, Cy are constants.

|

In addition,

%ij(t) —Ex;(t)| > 5) < ¢y exp(—cT'6%). (81)
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Proof of Lemma S.2:

The key to proof Lemma S.2 is first to write the quadratic form of 7 (¢)z(¢) and z(¢) into in-
dependent noise term ¢;(t), then we bound the deviation based on Hansen-Wright inequality
to bound the deviation from the corresponding expectation. Another key technical issue is
to bound the ls-norm of the transformation matrix that links the independent noise part and
x(t). This step is made possible by the technical assumptions on the structure of transition
functions and also the bounded mean intensity specified in Assumption 3 and 4.

Let Yy, = (Y;(t),...,Y;(1))T € RT. Then z;(t) = 32120 kit — 5)Y(s),t > 1, 2;(1) = 0.

Let
0 k(1) k;(2) k;(3) . ki (T —1)
00 K1) KE) (T —2)
Kj — 8 0 0 kj(l) kj(T - 3) c RTxT
0 0 0 0 0 0 k1)
0 O 0 0 0 0
Then,
rj = K;Yr
In addition, by Proposition 1 in (Bacry et al., 2011),
t—1
Vi(t) = Mg+ Uy ei(t) = Ay + Y W(t — s)e;(s)
s=1

Here €(s) = (e1(5),...,6,(s))" € R? and W;(t) = (V;1(t), ..., U;,(8), Uu(t) = D02 wir(t),

n=1""jl

where wi" is n-th auto-convolution of w;;.
Let
Wy(1) P,(2) W5(3) v;(T)
0 (1) ¥y(2) Uy(T = 1)
U, V(T —2) | e RTTP

Let € = (¢(T),...,€(1))" € RTP | then
Yir =A; +Eje
Then,
;= K;(Aj+Zje) = KA + K;Zje

l’j — ESI)J‘ = Kj:je
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Then,
— Bx]z; =N K/ K;Zje + A K] KiZie + € 2] K K;Ee

Next, we bound each of the items on RHS in the above.

First, notice that
1A KT KGEG 3 < A3 Amax (K KGEE] K KG)

where the second inequality is based on Perron—Frobenius theorem and the last inequality
is based on Assumption 2 and 4.

By Assumption 3, ||A;]|3 < Amax'- Also,
Amax (KTK :]H;FKTK ) S Amax (Kz)2 Amax (Kj)2 Amax (Ej)2
T 2 /7 2/ p T 2
< <Z ki(t>> (Z kj(t)> (Z > \Ifik(t)) <C
t=1 t=1 k=1 t=1

where the second inequality is based on Perron-Frobenius theorem and the last inequality
is based on Assumption 2 and 4.

Therefore, by the inequality result on sub-gaussian deviation bound (Vershynin 2010, Prop
5.10) and Fe = 0, we have

P(HAZ-TKZ-TKJ-E]-6||2 >T0) < ¢ exp(—/\j:iic) = ¢; exp(—cyT6?)
Similarly,
P(||A] K] KiZie||, > T6) < ¢y exp(— L ) = cgexp(—cyT6%)
i 2 = M TC

Next, we bound €' Z K;' K;=,¢ based on the special structure of K; and Z;.

By Assumption 4, k;(t) < aexp(—bt) and ¥;; < Cexp(—ct), where ¢ = b — a. By the
sparse signal assumption, for each i, there at most s items of W;(¢) # 0. So instead of

considering the entire p-unit system, we only consider at most 2s units such that W;(¢) # 0
and U, (t) # 0. Then, let

0 exp(—bt) exp(—2bt) exp(—3bt) ... ... exp(—b(T —1))
0 0 exp(—bt) exp(—2bt) ... ... exp(—=b(T —1))
k=0 8 0 0 exp(=bt) ... ... exp(—=b(T —3)) € RTXT,
0 0 0 0 0 0 exp(—bt)
0 0 0 0 0 0 0
49
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and

05, exp(—ct)ly, exp(—2ct)ly, exp(—3ct)ly,

0., 0,, exp(—ct)ly, exp(—2ct)1,,
= 05, 0y 05, exp(—ct)15,
= = Cl OT

2s .

05, Oy 05, 05,

0, 0., 0, 0,
where a), = (a,a,...,a) and a € {0, 1}.

2
Then,

STKTKE| < |IETKTKE
|2/ K K], < |ETRTRE

Let © = K E, then we calculate

T T
025 025

2

exp(—c(T — 2))1,
exp(—c(T

k
O1k(s—1)+1 = Zexp(—as) exp(—c(k+1—3s)) < Cyexp(—ak)
s=1

2 2
Therefore, ‘K =l < H@ where
2 2

0,5, exp(—a)ly, exp(—2a)l,, exp(—3a)l,,

0,, 0,, exp(—a)l,, exp(—2a)l,,
&-0c, 0%3 0, 0,, exp(—a)ly,

025 .

0,, 0,, 0, 0,,

0, 0, 0,, 0,,

T T
O2TS 02T8
025 028

Next, we check M = ©7O. Due to the structure of (:3, we get

05, 0y, 0,, 05,
0y, myly, myexp(—a)ly, mexp(—2a)ly,
. : maly, my exp(—a)ly,

25T x2sT
ERS X2s

where m; = ZZT:I exp(—al) < Csexp(—a) for t =1,...,T — 1. We only write out the upper

triangle part of M in the above since M = M7,

Therefore,

T T-1

M]3 < QZQSZmi exp(—ka) < CysT

i=1 k=1
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77777

each ¢;(t ) accordlng to the linear Hawkes model (2), we apply Hanson-Wright inequality and

get
P( > T(S) < c5 exp(—cg min{T§/|| M ||z, T?6 /|| M||3})
< c5 exp(—cg min{T§//CysT, T?6*/(CysT)})

Therefore, combining the deviation bound for A K;' K;=; ¢, we get

= K K;Zje— E(eTEjKjKjEje)

P( 2]z — Bz x| > Té) < P( A K K;Zje| > T(S) (82)
+ P< A K KiZie| > T(S) (83)
+ P( e'E] K K;Ej¢| > T(S) (84)

< C exp(—C5 min {\/gé, €52}) (85)

The above gives a 2nd-order deviation bound. Now we deviate the 1st order deviation bound.
2 12

< H@H < CT exp(—2a) , by the inequality
2 2
result on sub-gaussian deviation bound (Vershyim 2010, Prop 5.10) and Fe = 0,

—_

Since in the above we have ||KjEj||§ < HIN(:

7252
TC

P( > 0) < ¢y exp(— ) = ¢ exp(—cyT6%) (86)

1 T
T ; 1;(t) — Exy(t)
[ |

Corollary S.2: Assume Assumption 1 - 4 are satisfied. Consider the linear Hawkes model
follows (2). Yu,v € R", x(t) € R",
> 6)

( sz Julva;(t ( Z:p, Jut vyt )
< G exp(—Cy mi \/j 7 |
< Cir? exp(—Cymin { 85||UH1||UH1’ 55 ||UH%||"U||%}>

Proof of Corollary S.2:

o1
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Notice that

Applying Lemma S.2 and taking an union bound, we have
1 < 1 <
T T
P( - ; ) (t)x;(t) — E(T ; x, (t)xj(t)) > 5)
1 < 1
(U |7 X a0 - (5 X ol w0
1<4,5<1

t=1
< r?C} exp(—Cy min {\/fc;, z52})
s s

Therefore, we complete the proof by replacing § by m. [ |

Proof of Lemma S.3:

Lemma S.3 plays an important role in proof the other technical lemmas. By Lemma S.2
and Corollary S.2, we get the deviation bound for quadratic form of the design columns
x(t); however, different from previous work e.g. (Zheng and Raskutti, 2018), in our case, the
variance of error term o?(t) is a function of the mean structure, therefore, we need to deal
with a more complex case bounding the deviation of %Zthl a2l(t) 2" (t)z(t) from its mean.
To achieve this, we use Taylor expansion to expand the term on its 2nd order. Then apply
the results on the 1st order and 2nd order (the quadratic form) deviation bound of z(t) to

derive the deviation bound for Zthl %@xT(t)a:(t).

Note that under stationary condition, E(z(t)) = fot k(s)dA, where A is mean intensity vector

for Y1,...,Y,. By Assumption 3 and 4, E(:c(t)) is bounded.

First, consider

() ' (1)

his(@(t),6 = (1.8)) = Fse®lt) = 55

where I;; = ejej; and e; are vector containing all 0’s except 1 at position i.

52



Next, we check derivative of h:

E((t),0) = o () (1 = 2(p+ E(x(t))8)) 8 E(x(t)) LiE(z " () + o (O)E(2(t)) (L, + I},
=C18" + E(z;(t)) (6;; +ef)
=187 + Cg(ejr +el)

where the last step is because E(x(t)) and 6 can be regarded as constants independent with
t under stationary stochastic process and bounded according to Assumption 3 an 4.

Then,

T T
1 , T 1
I 3 W (E((9). 0) (x(t) ~ E(x(t))) oo = CICST + Cafe + )l 3 2lt) — E(a())]
t=1 t=1
< C(Crpmax{B} +2C5)0
with probability at least 1 — ¢; exp(—c21'6?) due to the consistency of 1 ST a(t) to E(xz(t))
proofed in Lemma S.2 (81). For example, § = /%52

T

Next, check A®(E(z(t)), ). Similar as above, due to the constancy of * S x(t) to E(xz(t))
and 0 = (5, p),

W (E(2(1)),0) = c1BBT + ca(csBBT + caB(el +el)) — 2cs8(el + el) + 2¢6 L
= C188" + Cop(el +ef) + Cs(Lin + Iyy)

Thus, according to the implication of Assumption 4 that max /3 is bounded and T > p?,
IR (E(2(2)),0)]l < C1p?* max{B}? + Cp2max{B} + 2C; < C

Then, by the quadratic form deviation bound proofed in Lemma S.2 (80),

with probability at least 1 — ¢; exp(—cz mm{\/7 ) T52

In addition, by Assumption 3 and Assumption 4 and its implication on bounded f, p,
155 (B (1)), O (=T (5) I

< O (max [A(#)| + |u])]|B]l 4+ 2C; max E(z(t)) + 2C; max E(z(t)) < Cjpmax 5+ C
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Thus,

H% > <x(t) - E(x(t))) W (E(2(t), OE(x" (1)) |l
< CINDE@), OB (1) 1l 7 3 w(t) — E(x(0)

< (Clpmax 3+ C4)6
with probability at least 1 — ¢; exp(—c2 min{\/gé, L52}).
Now, we expand h around E(:c ) we get
hie(z(t),0) = hj(E(z(2)),0) + h;k E(z(t)),0)(z(t) — E(z(t)))
b (2(0) — E(2(0)) 1S <x<t ).0)(w(t) ~ E(x(1)))
+ol(a(t) ~ B(2()) (x(t) — E(2(1))) )
Then,

Therefore, combining the deviation bound for each of the item on the RHS, we reach the
conclusion that

I 3 na01.0) = B (in(a(0).0) ) s < Cp ()

with probability at least 1 — ¢; exp(—c2 min{\/gé, L52}).

Following similar steps above and based on the 1st-order consistency of x(t) to Ez(t) shown

o4



in (81), we can also proof

173 1510 = B( -0 )l < Clomax{shs

with probability at least 1 — ¢; exp(—cyT6?).

Finally, to a conclusion that involves entire z(t), we take a union bound over all p? (j,k)
pairs for the quadratic form or p variable for the 1st-order deviation bound. The final form
of probability actually does not change if we assume logp =< o(v/T) B
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Let s; = [Jwjlo and s = maxi<j<p 555 pi = ||Billo and p = maxi<i<;, p;.

Lemma S.4 Assume Assumption 1-4 are satisfied and a stationary linear Hawkes model
satisfying (6). For the connectivity matrix of block structure, s < p + 1.

Proof of Lemma S.4:

By the choice of w} in (10),
CO’U (fj(t) — i_j(t)w;ﬁj, f_](t)) = 0

Under stationary condition of the linear Hawkes process and by Assumption 1, as indicated
n (Chen et al., 2017), the mean intensity, A = (\,...,\,)", can be written as

A= i 'y,
i=1
where ¢ is the ith power of the transition matrix Q. This implies that under stationary
condition, 03(t) = 07 = A;(1 — A;). Therefore, the choice of w} in (10) implies
Cov (x;(t) — x—;(t)w}_;,2_;(t)) =0
Then,
wj_; = Cov (;(t), 2_5(t)) (Cov (z—;(t), 2—(1)) ™"
= Cov (a(1). 250 (€, )
By Lemma 1.2 of the bounded eigenvalue of T,
[wj—jllo < [{k =5 # k, Cov (w;(t), zk(t)) # O} [lo

Without loss of generality, consider a discrete time scenario with unit time window (dt = 1).
Then, z;(t) = Y2'_} kj(t — 5)Yj(s) and 2;(1) = 0.

t—1
Cov (z;(t), x COU(Zth—S ,ijt—s )
s=1
t—1 t—1

=33 ky(t — s)k;(t — §')Couv (Yi(s), Y;(s"))

s=1 s/'=1

Therefore,

I{k = 5 # K, Cov (x;(t), 2x(t)) # Otlo < I{k = 5 # k, Cov (Y;(2), Yi(t)) # O} lfo-

Consider a connectivity matrix of block structure, for each 7, all units that the unit j depends
on must stay in one of the blocks on the connectivity matrix. Therefore, the possible number
of units it depends on is at most p; that is,

(k=5 # k, Cov (Y;(2), Yi(2)) # O}lo < p,
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which implies

= o < o, <
§ fg;g}”wgﬂo <1+ gﬁg}HwL_JHO <p+1

Remark: The lemma above makes use of the block structure of a connectivity matrix
where units are correlated within clusters. Therefore, to analyze the sparsity of w}, we only
need to check the size of cluster that unit j is in. Due to the sparsity assumption on the
connectivity matrix, the largest size of cluster is upto p. For a general structure connectivity
matrix, the order between sparsity of w; and the sparsity of 3 is not straightforward. The
sparsity of w; depends on the sign and scale of the connectivity coefficients and also the

transition kernel.
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