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Abstract

We propose an Embedding Network Autoregressive Model for multivariate networked lon-
gitudinal data. We assume the network is generated from a latent variable model, and
these unobserved variables are included in a structural peer effect model or a time se-
ries network autoregressive model. This approach takes a unified view of two related yet
different problems: (1) modeling and predicting multivariate networked time series data
and (2) causal peer influence estimation in the presence of confounding due to homophily
from finite-time longitudinal data. Our estimation strategy comprises estimating latent
variables from the observed network, followed by least squares estimation of the network
autoregressive model. We show that the momentum and peer effect parameters estimated
with our method are consistent and asymptotically normally distributed in setups with a
growing number of network vertices (V) while considering both a growing number of time
points T' (for the time series problem) and finite T cases (for the peer effect problem). We
allow the number of latent vectors K to grow at appropriate rates. We also develop a
selection criterion when K is unknown that provably does not under-select. We show that
the theoretical guarantees hold with the selected number for K, and study the bias rates
when K is misspecified. With the new methods, we study peer effects in conflict and school
climate perception using data on more than 7000 students from 23 schools.

Keywords: Network time series; social influence; peer effect; social network; latent
homophily; network embedding.

1. Introduction

A network of relationships and longitudinal node-level responses commonly appear in re-
search problems in multiple domains, including social sciences, economics, public health,
and biomedical sciences. We consider two key statistical problems associated with such
data that have been widely investigated in the literature. The first is to causally estimate
peer effects or social influence propagating through an observed network when the node
level outcome of interest is measured in at least two but finite time points (Shalizi and
Thomas, 2011; VanderWeele, 2011; Goldsmith-Pinkham and Imbens, 2013; McFowland III
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and Shalizi, 2023; Nath et al., 2025). The second problem is to model and predict a high
dimensional time series when network information is also observed (Zhu et al., 2017, 2019;
Knight et al., 2020; Zhu and Pan, 2020; Chen et al., 2023). The goals in these two problems
are generally different and have been investigated separately in the literature. We take a
unified view of these two problems and propose to include latent homophily variables in
both of these problems. In the case of estimating peer influence, this approach aids causal
identification by controlling for unobserved confounders. On the other hand, in the case of
network time series, this approach leads to improved forecasting and model estimation.

It will be convenient to formally introduce the network autoregressive model (NAR
or NAM), which has been used in the literature for both problems, to facilitate further
discussion on its interpretation. We assume that we have measurements y;; fori =1,..., N,
andt=0,...,7T —1 with N,T € N for an univariate outcome measured at N vertices of a
network over T time periods. Let ¢;; denote the (7, j)-th entry of the normalized (symmetric)
adjacency matrix. Then, our measurements y;; are assumed to be generated via

Vi1 = oyt + 0 Z Cijyje + 2"y + €41, (1)
J#i

where z;; is a vector of (possibly time-varying) covariates and €;; is the error term. We
differentiate between the utility and the interpretation of this model in terms of whether T°
is finite or growing. The former is useful as a linear structural model for estimating peer
influence, and the latter is useful for multivariate time series modeling. The parameter 6
has been termed the “peer effect” parameter in the literature on both problems, while the
parameter « is referred to as the “momentum effect.”

The above NAR or NAM model with longitudinally measured outcomes in Equation
(1) has been widely employed for the causal identification of peer influence (Christakis and
Fowler, 2007; Shalizi and Thomas, 2011; VanderWeele et al., 2012; Christakis and Fowler,
2013; O’Malley et al., 2014; McFowland III and Shalizi, 2023; Nath et al., 2025). However,
several authors have noted issues with causal identification of the peer effect parameter
f with such models, including confounding due to latent homophily in peer selection and
other unobserved omitted variables (Shalizi and Thomas, 2011; Goldsmith-Pinkham and
Imbens, 2013; O’Malley et al., 2014; An et al., 2022; Egami and Tchetgen Tchetgen, 2024).
The latent homophily can be thought of as unobserved characteristics of individuals that
simultaneously may affect the selection of peers or connections in a network and the outcome
on which peer effect is being estimated. Since in the vast majority of research on peer effects,
the researchers do not have control over how individuals form networks, this is a persistent
problem for causal identification of peer effects (Shalizi and Thomas, 2011). The authors
in McFowland IIT and Shalizi (2023); Nath et al. (2025) suggest augmenting the linear peer
effects model with latent variables, which are responsible for network formation as a way
of controlling for latent homophily. They proceed to show that asymptotic identification of
the peer influence parameter is possible with this approach. However, consistency, limiting
distribution, and the rate of convergence of the estimator of the peer effect parameter remain
unsolved problems.

The NAR model in Equation (1) has also been used in the context of modeling and pre-
dicting multivariate high-dimensional network-linked time series in a line of work including
Zhu et al. (2017, 2019); Knight et al. (2020); Zhu and Pan (2020); Chen et al. (2023). Those



EMBEDDING NETWORK AUTOREGRESSION

papers then investigate the stationarity of the model along with consistency and asymptotic
normality of the parameter estimates in an asymptotic setup where T' — co. While several
extensions of the baseline NAR model in Equation (1) have been proposed, additional latent
information from the network, in addition to the peer effects, has not been incorporated
into the model. Therefore, the benefits of including latent variables in improving predic-
tive performance and the conditions under which consistent estimation is possible are also
currently unknown.

Our proposal in this paper is to augment the NAR model (Equation (1)) with latent
variables that are related to both the outcome and the formation of the network. Ac-
cordingly, we assume that the network adjacency matrix is generated from the Random
Dot Product Graph (RDPG) model (Athreya et al., 2017). The RDPG model is a gen-
eral latent variable model for network data whose special cases include several popular
latent variable models, namely, the Stochastic Block Model (SBM), Degree-Corrected SBM
(DCSBM), Mixed Membership SBM (MMSBM), and DCMMSBM (Athreya et al., 2017;
Rubin-Delanchy et al., 2022; Xie and Xu, 2023).

We assume the network adjacency matrix A is generated from a K-dimensional RDPG
model (defined later) with sparsity parameter py and latent position parameter matrix
X € RVXK guch that the probability of connections is P = pyXXT. We let U € RV*X be
a generic notation for a matrix that contains latent homophily vectors for the vertices. This
matrix U is related to the matrix of underlying latent positions X. In this paper, we consider
this matrix to be either V, the orthogonal eigenvectors of P for the K largest-magnitude
eigenvalues (all the non-zero eigenvalues of P), or the matrix of corresponding spectral
embedding vectors VS'/2, where S is the K x K diagonal matrix containing the K largest-
magnitude eigenvalues. Then, our Embedding Network Autoregression (ENAR) model
augments the NAR model with these K-dimensional unknown (latent) vectors. Formally,

the ENAR model assumes that the measurements y;; for i = 1,..., N are generated via
Yit+1 = Qi + 0 Z Cijyjt + ;B + zi Ty + €t (2)
J#

However, the vectors of latent variables u;’s are not observed. Therefore, we propose to
estimate the latent variables from the observed network through spectral embedding and
replace u; with its estimated version @; in Equation (2). However, a natural concern
is whether the true peer influence parameter # can be estimated consistently, and the
asymptotic variance can be characterized to enable inference when the u; is replaced with
the estimated @;. McFowland IIT and Shalizi (2023) considered this issue as trading off
omitted variable bias with measurement error bias and remarked that it would only succeed
if the measurement error bias is low.

In this article, we show that the answer is affirmative and develop a theory for the con-
sistency and asymptotic normality of the peer influence parameter. In addition, we propose
to include estimated latent variables in the context of time series modeling as well to enable
accurate inference on the parameters of the model and improve predictive performance.
We develop theoretical results under an asymptotic setup where the dimension of the latent
space K also grows with the number of nodes N. We explore several questions that naturally
arise in modeling two distinct phenomena with a similar model. These questions include
differences in modeling latent homophily with eigenvectors V and with spectral embedding
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vectors VS1/2, We discuss asymptotic biases of ignoring latent homophily vectors with both
choices and develop theoretical results for the peer effect problem for both choices. We also
delve into the challenging problem of obtaining results when the number of latent variables
K is unknown, which is often the practical case but has not been explored in the literature
before. We study the properties of the estimators when K is misspecified and develop a
selection criterion for selecting K. Together, these results greatly expand the scope of the
methodology and theory for both the peer effect problem and the time series problem.

1.1 Connection to related literature

Our work is connected to several recent works encompassing network time series, network
peer effect estimation, and network regression. In the network time series literature, our
approach is related to the CNAR model of Chen et al. (2023). We compare our results
theoretically and in simulation extensively with the CNAR model and show the theoretical
advantage of our approach as well as superior or comparable prediction performance in
simulation. In the peer effect literature, the approach we take is most related to McFow-
land III and Shalizi (2023); Nath et al. (2025), while the problem we solve is also related to
the recent work Egami and Tchetgen Tchetgen (2024). However, the theoretical results for
the peer effect problem in this paper go well beyond what was considered in McFowland II1
and Shalizi (2023); Nath et al. (2025) and delve into consistency and asymptotic normality
of peer effect parameters, selection of latent dimension, and differences between modeling
choices. For both problems, no earlier work addresses the problem of selecting the number
of latent dimensions or communities. Our work is also related to network regression Fosdick
and Hoff (2015); He and Hoff (2019); Le and Li (2022); Lunde et al. (2025). For this prob-
lem, our corollaries develop consistency and asymptotic normality for growing embedding
dimensions, and our model selection procedure provides theoretical guarantees on selecting
the number of embedding vectors. Another paper related to ours is the random graph
autoregressive model of Wu and Leng (2023). However, the theoretical results in Wu and
Leng (2023) are only developed for T' — oo, and the method itself does not work unless we
have data available in at least a few time points. This is not appropriate for the peer effect
problem, where we often have data on only two or three time points.

1.2 Main results and contributions

We summarize our theoretical results for both of these statistical goals.

1.2.1 NETWORK TIME SERIES RESULTS:

In the case of modeling time series, we assume 17" — oo. The true data-generating model
is augmented with eigenvectors V from the RDPG model. We show that under certain
regularity conditions on the expected density of the network px (or equivalently on the
eigengap sx(P)) namely, s (P) < Npny = w(T + log* N), the estimated parameter vector
1, suitably normalized, converges to a multivariate normal distribution with finite variance
around the true parameter vector u! as long as K? = o(N) and log K = o(T) (Theorems
10 and 2).

To compare with existing results in related literature, the asymptotic growth rates neces-
sary for the CNAR model in Chen et al. (2023) (which albeit is a different but related model)
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is K* = o(N) and K%log K = o(T) and the eigengap sx(P) = w(K+/NTpy). Therefore,
our results on the ENAR model require strictly weaker assumptions on the eigengap and the
necessary sample size. In the simulation, we see that ENAR can accurately estimate the la-

tent effects and network effects, yet it achieves comparable or better prediction performance
than CNAR and NAR.

1.2.2 PEER EFFECT INFERENCE RESULTS

Second, for the case of finite T' (with 7" > 2), we are interested in the accurate inference
of the peer influence parameter §. We start with results under the ENAR model that
uses eigenvectors V to model the effects of latent homophily. Our result shows if Npy =
w(log? N) and N = w(K?), while 3, — H]3, = Op(1), the rest of the parameters including
the peer influence parameter is estimated with a v/N convergence to a multivariate normal
distribution with finite variance (Theorems 11 and 3).

We find that for the peer effect problem, the more interesting case is when the true
data-generating model contains the spectral embedding vectors VS!/2 as latent homophily
as opposed to eigenvectors. In Theorem 9, we show that ignoring latent homophily in
terms of spectral embedding vectors leads to inconsistent estimation of peer effect in the
case of dense networks, and less than /N rate of consistency even for the sparse case,
as \/N(é_7e —0.) = Op(v/Npy). On the other hand, our method that fits least squares
with estimated spectral embeddings V|§|1/ 2 leads to consistent and asymptotically normal
estimators of peer effect for fixed K (Theorem 4) and growing K (Theorem 5) regimes. For
the growing K case, under conditions Npy = w(log? N) and N = w(K?log K) we have
%(ée —6,) = Op(1). Therefore, we have v/N consistency for the fixed K case and a
slightly slower rate of convergence for the growing K case, depending upon the growth rate
of K.

These results can be compared with the results in McFowland III and Shalizi (2023);
Nath et al. (2025) where the authors showed asymptotic unbiasedness of the peer influence
parameter under the SBM and the RDPG models, respectively. In contrast, our results
hold for RDPG models with growing dimensions of the latent space K and generalize and
supplement those results to include consistency and asymptotic normality.

The theoretical results for both problems are succinctly summarized in Table 1.

1.2.3 SELECTION OF K AND RESULTS WITH MODEL MISSPECIFICATION

We address the challenging problem of selecting the number of latent vectors to include in
the ENAR model (or equivalently, the dimension of the latent homophily vectors). While
this is an important problem for practitioners, previous works in both network time series
literature (Chen et al. (2023)) and Peer effect literature McFowland IIT and Shalizi (2023);
Nath et al. (2025) did not address this problem. We develop a criterion for the selection
of the number of latent vectors that involves a modified residual sum of squares and a
penalty term for model complexity. We prove in Theorem 30 that the procedure does not
underselect the number of latent vectors K both when the eigenvectors are used or when
the spectral embedding vectors are used, i.e., P (K > K ) — 1. We complement this result
with results that show the same level of theoretical guarantees on the estimators described
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above are available when the selected K is higher than the true K, and consequently, we
include some additional latent vectors in the model (Theorems 14 and 15).

Time-series regime (T — 0o, N —o0)

Model Rate of Growing-K conditions Consi§tency Effect of
consistency with K omitting

Eigenvectors v NT (Thm N =w(K?),T=uw(logK), Yes (Thm 30, Higher bias

U, 10) Npn = w(T + log* N) 14) rate (Thm 8)

Peer-effect regime (N — oo, finite T')

Eigenvectors /N (Thm 11) N = w(K?), Yes (Thm 30, Consistent,

U, Npn = w(log* N) for 14) but higher
V/N-consistency (Thm 3) bias (Thm 8)

Embedding /N (Thm 4) Npn = w(log N), Yes (Thm 30, Inconsistent

U, N = w(K?log K) for 15) (Thm 9)
\/ﬁlogK

e -consistency (Thm 5)

Table 1: Rates of consistency of peer effect (¢) and momentum effect parameters (o)) under
various models and asymptotic setups

1.2.4 OMITTED VARIABLE BIAS WHEN LATENT VECTORS ARE IGNORED

In Theorems 8 and 9, we study the omitted variable bias due to under-selecting the latent
vectors and, as a special case, the situation of not including the latent vectors at all in
the fitted model. First, to study this situation, we derive new results on the concentration
of eigenvectors and spectral embedding vectors when the dimension is under-selected in

Theorem 7. In Theorem 8 we see that v N T(H:yv —0,) = Op <\/E), while in Theorem

9, we see that \/N(HA_,e —0.) = Op (\/NpN> when the latent vectors are omitted. This
tells us that the model with eigenvectors is unable to induce effective confounding, and the
omitted variable bias asymptotically vanishes. On the other hand, the spectral embedding
vectors introduce significant omitted variable bias and are therefore well-suited as a model
for the peer effect problem. However, in both cases, ignoring the latent vectors leads to
higher bias, as can be seen by comparing the rate of convergence of the bias terms between
those theorems and the corresponding theorems with latent vectors.

We also consider the conceptual and theoretical differences between using spectral em-
bedding vectors and eigenvectors from the network in the outcome model. As can be seen
from Table 1, for the peer effect problem, the true data-generating model should include
latent positions or embedding vectors and not eigenvectors to induce the desired confound-
ing. Instead, if the true model contains eigenvectors, then the peer effect parameter is
asymptotically identified as the omitted variable bias asymptotically goes away, and one
does not need to do anything to remove the confounding. On the other hand, with embed-
ding vectors, the peer effect parameter is inconsistent due to the omitted variable bias, and



EMBEDDING NETWORK AUTOREGRESSION

trading off the omitted variable bias with measurement error bias is fruitful since that leads
to consistent estimation of the peer effect.

Table 2: Notation summary

Symbol Description

N Number of nodes (network size)

T Number of time points (panel length)

K True Latent dimension

PN Network sparsity or density scaling parameter

A = (a;j) Network adjacency matrix

X Latent positions in RDPG model such that, E[A] = pyXXT
P =E[A] Population network link probability

V.S Eigenvector and eigenvalue matrices of P = VSVT

U Generic notation for latent homophily variable (N x K)
vt = (y1t,...,ynt)  Response vector at time ¢

Z:; = (z1,...,2n¢)|  Exogenous covariate matrix at time ¢ (N x p)

E = (e14,...,ent)  Noise vector at time ¢

La = (lij) Normalized adjacency matrix

0 Peer effect parameter

a Momentum effect parameter

I5] K-dimensional coefficient vector for latent variables u;
y p-dimensional coefficient vector for covariates z;;
p=(B",a,0,7v")T  Stacked parameter vector in regression form

W, Design matrix at time ¢, stacking regressors for all nodes

2. Embedding Network Autoregressive Model

In this section, we describe the proposed Embedding Network Autoregressive (ENAR)
model. Let Oy i = {H e RVXK-HTH = IK} be a collection of N x K matrices with
real orthonormal columns. Write an m-dimensional vector and m x m matrix with zeros as
o and O,,, and let I, denotes an m x m identity matrix. Let SP~! = {h € R?; ||h|| = 1}
and BP~! = {h € R?; |h|| < 1} denote p-dimensional unit sphere and ball, respectively. Ta-
ble 2 summarizes the meaning of major notations. More description on notations can be
found in Section A in the Appendix.



CHANG AND PAuUL

2.1 Network Vector Autoregression and Random Dot Product Graph

In this section, we review some background materials related to our methods. As stated in
the introduction, we assume a statistical problem where we have longitudinal measurements
y;x on a univariate outcome over N subjects at T time points. We let + = 1,..., N and
t=0,..,7—1with (N, T € N). We further assume that these N individuals are connected
in a network with an (undirected) adjacency matrix A, which is also observed. We define
its normalized (symmetric) Laplacian matrix as £o = D~Y/2AD~/2 where D is a diagonal
matrix containing its degrees. The elements of LA are denoted as ¢;;. For each unit i, we
further have measurements on p-dimensional covariates z;;, where the subscript ¢ indicates
that the covariates may vary over time. Recall the network vector autoregressive model (Zhu
et al., 2017; McFowland III and Shalizi, 2023) in Equation (1), y;1+1 = ayi+0 > i bigyjt +
Zit Ty + € 1+1. We assume that z;; € RP are i.i.d. Gaussian random vectors with independent
coordinates with zero mean and finite fourth-order moments, and >, denotes their common
covariance. This assumption is similar to one described in Chen et al. (2023). For the

model errors, we assume €; KN (0,02) for ¢ > 0. Among the parameters, a € R denotes
the momentum effect, # € R denotes the peer influence effect, and v € RP denotes the
time-invariant covariate effects (Zhu et al., 2017).

Let & 2 (e1r,...,ene)T € RN and y¢ 2 (y1t, ..., yne)T € RY be the vectorized forms of
the error term and the response obtained by stacking the corresponding terms for the N
individuals. Similarly, let Z; £ [Z1¢,...,2N¢]T € RNXP he the matrix of covariates whose
ith row is z;, the covariate for the ith subject. Then the above model can be expressed in

the vector and matrix notations as yy+1 = ay; + 0LAY: + Zyy + Epv1-

Latent position random graph models assume that a network is created by random edges
independently sampled with probabilities that are functions of distance kernels between
latent positions of vertices in some underlying latent space. In a K-dimensional random
dot product graph (RDPG), this distance kernel is the dot product of two K-dimensional
latent vectors.

Let M be a subset of RX such that x;Txs € [0, 1] for all x1,%x3 € M. Let K < N and py
be a sequence such that py € (0, 1] for all N. Then, A is said to follow a random dot product
graph with latent positions X = [x3,...,xn]|" € MY and sparsity factor py, denoted by
A ~ RDPG(pn, X), if a;; ind. Bernoulli(pinij)]I{i#} and aj; £ a;j for 1<i<j<N.
Using matrix notations, we have E(A) = P for P = pyXXT. The role of py is to control
the sparsity of the network. For example, the expected degrees are Z;-V:1 pij € [0, Npn] for
every ¢ = 1,..., N. Hence, when py = 1 VN, the resulting graph is dense in the sense that
the expected number of edges 3 ;; pij ~ N2, If py — 0 as N — oo, the graph becomes
sparse in the sense that >, ; pij = o(N?) (Xie and Xu, 2023).

2.2 Embedding Network Autoregression

Now we define our model, which augments the NAR model with latent variables that are
common for both the model of the univariate responses and the model for the network.
Accordingly, in this section, we further assume the network is generated from an RDPG
model, A ~ RDPG(pn,X). We assume that every vertex in A is connected to at least one
vertex.
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The eigenvalue decomposition of P can be expressed as P = VSVT, where V € RV*K

contains orthonormal eigenvectors for K largest magnitude eigenvalues, and S is a diagonal
matrix containing corresponding eigenvalues s;(P) > --- > sg(P) > 0. Let U, 2 V
and U, £ VSY2. The generic notation U then denotes one of these two forms, i.e.,
U € {U,,U.}. Each row of U, denoted by Uj;, contains information about the associated
latent variables of each vertex. Then, we define the ENAR model as a set of two models as
follows,

Yit+1 = it + 0 Zﬁijyjt +wTB+zyTy + e, aij ind- Bernoulli(pnx;Tx;) sy (3)
J#i

As before, we can write the model in vector and matrix notation as follows: y;4+1 = ay; +

OLAY: + UB + Zyy + 141, where now the parameter 5 denotes the global effect of latent

variables, and U is either the matrix of eigenvectors U, or the matrix of spectral embedding

vectors U,. Finally, assume that Z; is independent of {&41,&, ...} and {y¢, yi—1,...} for

each t and A is generated independently with the rest of the random components across t.

2.2.1 FINITE TIME MODEL FOR PEER INFLUENCE

The ENAR model is motivated by

Figure 1: Causal diagram for peer effects the problem of estimating causal

peer influence adjusting for latent

homophily in the settings of longi-

vt tudinal data, but with finite time

N\ points (e.g., T' = 2). The model is

identical to the ENAR model de-

v vt scribed in the earlier section, ex-

cept we do not have a time series,

/ \ but only a finite number of time

points, and the asymptotic setup
: J is for N — oo.

The problem can be illustrated

u; u;j with a causal diagram similar to

McFowland IIT and Shalizi (2023);

Nath et al. (2025); O’Malley et al.

z z; (2014). In the causal diagram

Pearl (2009) in Figure 1, the ob-

served variables are represented by

rectangles while the unobserved or latent variables are represented by circles. Intuitively,

the causal peer influence is the causal effect of the outcome of a “peer” who is linked in

the network on the outcome of an individual in the next time period. The problem of

estimating causal peer influence is then estimating the causal effect corresponding to the

path th — Yf“, conditioning on the observed network links a;;’s. We can write the causal

estimand we are interested in using the notations of do-interventions as follows (Nath et al.,
2025; Egami and Tchetgen Tchetgen, 2024; Sridhar et al., 2022),

iy (h, 1) = B+ do(V} = ), aiy = 1] ~ E[Y{ [ do(¥} = '), iy = 1].
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However, as the causal diagram shows, there are already several backdoor paths open.
Moreover, conditioning on a;; opens additional backdoor paths involving u; and u; since
a;; is a collider variable in those paths. Intuitively, we have the same latent variables that
are responsible for individuals’ network selections (homophily) and also affect the outcomes.
It is our conditioning on the observed network that opens those backdoor paths involving
the latent variables that lead to confounding. Below, we enumerate all the backdoor paths
as follows. These are, (1) Y} < Vit = vE = v (2) Y] uj = aij — YT (3)
Vieuj = ay« w =Y @)Y —wy = a; < w = Y 5V (5) Y —uy -
ajj < u; — Yf_l ce. Yit_1 — Yf — Yf“, and several paths that involve z; and z;. The
first backdoor path can be closed by conditioning on Y;!, while the backdoor paths involving
z; and z; can be closed by conditioning on those observed covariates. However, as we can
see from the other open backdoor paths, we need to condition on u; and u; to close all
of those backdoor paths. Therefore, the linear structural equation model that we want to
estimate is yy4r1 = ayy + LAy + UB + Zyy + Ei41.

Here 6 is our target peer influence parameter that we want to estimate consistently.
We emphasize that U is a latent variable that is not observed. We theoretically show that
we can estimate the structural peer effect parameter 6 consistently under our modeling
assumptions with the methodology described below.

Remark on L, Careful readers may note that our definition of L5 for ENAR dif-
fers from that used in Zhu et al. (2017); McFowland IIT and Shalizi (2023). Specifically,
those studies adopt a row-normalized adjacency matrix, £o = D~'A, to incorporate the
network (peer) influence, whereas ENAR employs a symmetrically normalized version,
LA = DYV2AD Y2, corresponding to the graph Laplacian. Importantly, all procedures
and theoretical results established for the ENAR estimators remain valid under the row-
normalized formulation as well. This is because both forms preserve two key properties: a
spectral radius bounded by one—ensuring the stationarity of the resulting time series, and
diagonalizability—guaranteeing a well-defined and stable autocovariance structure. The
Table 3 lists the different models we consider in this paper for easy reference of readers.

Table 3: Table of models, i =1,.... N and t =1,...,T

Model Full Name Data Generating Model
ENR Embedding Network Regres- vy, =a+ulf+z]y+¢;
sion
NAR Network Vector Autoregres- y;;y1 = oyt +0 Zjﬂ Cijye + 2]y + €t

sion (Zhu et al., 2017)

ENAR Embedding Network Autore-  y; 111 = ayi + 03, ijyje + ulf+z],y+ e
gression

CNAR Community Network Autore- Equation (8) with A = (0) in Chen et al. (2023)
gression

10
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3. Estimation

3.1 Spectral Embedding under RDPG

The ENAR model embeds the latent variables using the population spectra of an expected
adjacency matrix, which represents the connection probability between entities. One chal-
lenge in estimating the parameters of the ENAR model is that these latent vectors U are
unobservable. To address this, we can utilize the asymptotic properties governing the differ-
ences between population spectra and sample spectra. Specifically, we employ the following
adjacency spectral embedding procedure to estimate the unknown latent vectors.

Definition 1 (Xie and Xu, 2023) The adjacency spectral embedding (ASE) of A into
RE s given by V[S|Y/2 for (IS])i; £ |(S)i;| where S € REXK s the diagonal matriz with
the K largest magnitude eigenvalues of A and V € On i is the corresponding eigenvectors
of A.

In the analysis of ASE, the eigengap si (P) plays a crucial role. Intuitively, the eigengap
measures how strongly the network’s latent structure (e.g., communities or continuous fac-
tors) stands out from the stochasticity of an observed network A. A larger eigengap means
that the top K eigenvectors of the population connectivity P are well separated from the
rest, ensuring stable recovery of the latent positions.

There are many concentration results available for this subspace approximation problem,
and we highlight the works devoted to the analysis of entrywise approximation of adjacency
spectral embedding (ASE) in the case of the RDPG model (Tang et al., 2017; Athreya et al.,
2017; Tang and Priebe, 2018; Cape et al., 2019b; Xie and Xu, 2023; Rubin-Delanchy et al.,
2022; Xie, 2024). In Proposition 23 in Section C.3 of the Appendix, we prove a concentration
result for ASE in terms of the spectral norm instead of the more commonly used Frobenius
norm by compiling known proof techniques from the literature while tracking the order
in terms of K. We propose to use U, £ V and U, £ V|S|1/ 2 as the approximations of
unknown latent variables modeled by eigenvector and embedding, respectively.

As various notations related to U are used throughout the paper, Table 4 provides a
summary for clarity.

3.2 Least Squares Estimation of Parameters

The stationarity of the ENAR process with growing N is discussed in Appendix C.1. From

the equation of the model (3), we obtain the linear regression representation y; ;11 = w, ,u+

A . A
€it+1, where wl, = (u], v, 0]y, z],) and our parameters of interest, u = (87, @, 0,7T)T €

RE+P+2 Thus, the auto-regression of the networked measurements at time t 4+ 1 can be
written as
yi+1 = Wi+ Ep,

where Wy = [wyy, ..., wn¢]T. We can further collect the entire time series as y 2 (yiT, .y,
W 2 [Wo',..,.Wr_{T|", and €& = (&7,...,E77)7, thereby obtaining the representation
y = Wu + £ in RNT. Note that W contains the population latent variables U from the
network model. Therefore, it is interpreted as the population design matrix for the ENAR
model (Chen et al., 2023). Utilizing the estimated latent variables U, we can obtain the ap-
proximated version W; = [W1y, ..., Wp]T for Wi, £ (O], yit, (. Ty, 24 T) and W accordingly.

11
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Table 4: Notations for U

Symbol Meaning

U A generic N x K matrix containing K latent variables

U,, U, V and V, respectively

U,, U, VSY/2 and V\SWQ, respectively

U.; A generic N X j matrix containing first j latent variables
Uitk A generic N x k matrix containing next k latent variables
Vi, Vi;j N x (j —1) matrix with i+ 1, ..., j-th leading eigenvectors of

P,Afor0<i<j
Si;jgi;j Diagonal matrix with ¢ + 1,..., j-th leading eigenvalues of
PAfor0<i<jy

Uije, IAJZ-%C Truncated spectral embeddings Vl-:jS%Q, \A[Z,:j‘gi:ﬂl/?

This expression naturally motivates the least squares estimation of pu. Therefore, we
target the least squares estimator

= (Wiw) Wy = (41.6,0.57)"

and study its asymptotic properties as an estimator of u. We establish the asymptotic dis-
tribution of the estimator through non-asymptotic concentration results and the martingale
central limit theorem (Hall and Heyde, 2014; Zhu et al., 2017; Chen et al., 2023). To avoid
notation abuse, we write i, and fi, to denote the least squares estimators under embedding
of U, = V and U, = V|S|'/2, respectively.

4. Large Sample Results

We next develop a theory on consistency and asymptotic normality of the least squares
estimator of the ENAR model under an asymptotic setup where we always assume N — oo,
but consider both the finite T case and the case of T" — oo separately. We start with the
results for the ENAR model with eigenvectors from the RDPG network model, and then
discuss the results for the case of spectral embedding vectors. In this section, we write
,ufl 2 ( TH;, oy, 0;,7])7, where H; € Ok is an arbitrary matrix with orthonormal columns
from Proposition 23 and [ € {v,e}. It is well known that the multiplicative latent variables
can only be estimated from a network up to an ambiguity of such a matrix from the class O
(Hoff et al., 2002; Athreya et al., 2017). Therefore, the parameter § can only be recovered
up to the ambiguity of HT5. We differentiate between p, and p. as they represent different
modeling choices.

For the definitions of asymptotic precision matrices stated in the theorems below, we
refer readers to Table 5.

4.1 Growing T results

The first theorem stated below shows the asymptotic normality of the least squares estimator
when we embed eigenvectors U, = V, both N and T grow, and K also grows along with

12
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Table 5: Asymptotic precision matrices specified in large-sample results of ENAR.

Symbol Structure Definitions

Ty T .
Sag 217 P 2 limy e +E[tr(D)],

Ik (0) (0) L L
o Sao (0) 73 = lim E[tr(ILa)],
| 2, 3= A}gnoo %E[tr(FﬁA%];
>.,: Covariance of z
> S0 (0) Submatrix of ¥, that omits the covariance
i 3, of U,
E £ limy_oo ﬁs;
E B B = [blg,blg] € RE*2 where ”b12||, Hb13H
(0) are cj,/poo for constants ¢y, cy > 0;
J oo 1,€2 )
Yie Eae,e + Yoo (0) 1 .7 1 L
S.| Sage2 lim E|NYe e JYe Dave),
' N—oo N PeTLAPe |’
Pe = (IN - G)_ Ueﬁe

them. The proof of this theorem and other theorems from this section are in Appendix
section C. A similar theorem for the fixed K case is given in Appendix B.1.

Theorem 2 Assume that |o,| + [0y] < 1 and ||By|| = O(1) as K — oo. Furthermore,
assume that Npy = w (T + log* N), N = w(K?), and T = w(log K). For a positive integer
m, suppose we have an m x (K + p+ 2) matriz Qg such that ||Qk| = O(1) as K — oo.
If we define Ay 2 limg 00 QX 'QxT € R™ ™ then, for D, £ /T diag (IK, \/NIp+2)
we have, as N, T, K — oo,

QxD, (ﬂv — uf) =N (om, aQAU) .

The condition |a,|+60,| < 1 is required to ensure that y; has the stationary distribution
discussed in section C.1 as N,T — oo. It is noteworthy that to consistently estimate the
parameters, the population network density Npx should grow faster than 7' and log* N in
Theorem 2. First, the condition Npy = w(log* N) ensures that the deviation A — P of the
observed network from its expectation is well controlled by the overall network density Npy.
Intuitively, this means each node has enough connections for U, to reliably recover U,,
making the measurement error negligible. Moreover, the condition Npy = w(T') guarantees
that the network information grows faster than the time horizon, preventing the estimation
bias of 3, from accumulating across time and ensuring stable inference.

The growth rate of network density needed in Theorem 2 matches the rate in Cape et al.
(2019a) as long as T = O(log* N). If T grows faster than this, Theorem 10 requires a better
concentration of U for ENAR estimation to remain accurate. The convergence rate of VT

13
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for the latent position effects Bv is slower than v/NT for the rest, which matches the rates
obtained in Chen et al. (2023) for their CNAR model.

Since %XTX converges to a finite, positive definite matrix under our RDPG regime
(Xie and Xu, 2023), we have six(P) = O(Npy). Therefore, our condition on Npy can be
equivalently represented using eigengap sx (P) to compare with the result in Chen et al.
(2023). The condition on Npy in Theorem 2 then is that sx(P) = w (T + log? N). This
improves upon the rate sx(P) = w (KyTNpy), i.e., Noy = w (K?T) presented in the
context of CNAR model in Chen et al. (2023). The improvement by a factor of K? is
substantial when K is large.

Further, to consistently estimate the parameters, we require N = w(K?) and T =
w(log K). These guarantee a consistent estimation of the parameter when its dimension
grows as K — oo, specifying how the amount of network information (N) and temporal
information (7") must increase relative to model complexity for asymptotic normality to
hold. This rate can be compared to the required rates of N = w(K*) and T = w(K?log K)
in Chen et al. (2023). Hence, consistent estimation in the CNAR model Chen et al. (2023)
requires O(K?) times more sample size both in terms of N and T. Therefore, this represents
a substantial relaxation of conditions. These reductions are largely due to the ENAR model
having U entering the model in an additive form as opposed to a multiplicative form in
the CNAR model, and consequently, requiring us to estimate fewer parameters attached to
latent variables.

4.2 Finite T peer effect results

Now, we prove asymptotic results for the model in the finite T case, which is appropriate
for the problem of causal peer influence estimation. This finite T' case was not studied in
earlier works of Zhu et al. (2017); Chen et al. (2023) on network autoregressive models.
Although motivated by the peer effect literature, the recent work of Wu and Leng (2023)
does not study the finite 7" case either. Note that we no longer require |a| + |f| < 1 in the
finite T' case. Distinctively from 2 (and its fixed K version Theorem 10 in the Appendix
B.1), the consistency of ji given finite T is different as the estimation error for the latent
position effects, & — H,75,, will only be bounded in probability. However, our result still
shows the peer influence parameter 6, along with other parameters, namely, a, and 7,,
which we are typically interested in inferring are all /N consistent. The result for growing
K is as follows.

Theorem 3 Assume that ||8,]| = O (1) as K — oo, Npy = w(log? N), and N = w(K?).
Partition the parameter vector as pr, = (B, u—po")7 and fu, accordingly as well. For a
positive integer m, suppose we have an m x (K + p + 2) matriz Qi such that | Qx| = O(1)

as K — oo. Then, Qg (& — HUT/BU> = Op(1) and we have

X o? _
VN (g —nlls,) = N <0p+2, Tl

as N, K — oo.

A similar theorem for the fixed K case is given in Appendix B.1. As we limit T to be finite,
Npy is allowed to grow at less restrictive rates compared to the case where T diverges.

14
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However, we still require the number of dimensions to grow at the same rate with the
network size IV as described in Theorem 2. We discuss the peer effect problem more in the
next section with spectral embeddings.

We also consider a regression model for data observed at a single time point (7' = 1).
Here, our goal is to model a response observed only once as a function of several covariates
or predictors while controlling for latent homophily variables that may be correlated with
the covariates whose effects we want to estimate. Accordingly, we propose the Embedding
Network Regression (ENR) model as, y = aly + UB + Z~ + £. This model has appeared
in various forms previously in the literature Fosdick and Hoff (2015); He and Hoff (2019);
Le and Li (2022); Lunde et al. (2025); Cai et al. (2021); Wang et al. (2024); Hayes et al.
(2025). In addition, this model is a network analog of the popular spatial confounding
regression model used in spatial data analysis Guan et al. (2023). While this model has
been theoretically studied before under different settings Le and Li (2022); Wang et al.
(2024); Lunde et al. (2025), the results we develop in this paper can also be applied to this
model as corollaries. In Appendix B.2, we provide two corollaries that obtain results for
the embedding network regression (ENR) problem.

4.3 Results with spectral embeddings for the finite T peer effect problem

The previous section comprehensively dealt with consistency and asymptotic normality for
the ENAR model with eigenvectors for both the problems of network time series and peer
effect. However, as will be shown later in Section 5.2, the model may not be appropriate
to induce the confounding necessary for the peer effect problem. Intuitively, because eigen-
vectors are constrained to have columns whose ¢2 norms are 1 by definition, the entries of
the design matrix made with them decreases at O(N~'/2) rate as N increases. Hence with
the typical assumption that coefficients 5 do not grow with N, the overall contribution of
Up to the outcome Y asymptotically vanishes even if § is not 0. Therefore, asymptotically,
the effect of ignoring the eigenvectors in the model on the peer effect parameter estimates
(“omitted variable bias”) is negligible. Hence, this model is not appropriate for the peer
effect problem, where we expect non-trivial omitted variable bias due to the omission of
latent variables. Therefore, we next develop a theory on comnsistency and asymptotic nor-
mality of the least squares estimator for the ENAR model with spectral embedding vectors.
In this case, we consider the finite T' case, while N — oo.

The first two theorems stated below show the asymptotic normality of the least squares
estimator in two cases as IV grows: first when the number of latent dimensions K is fixed,
and second when K also grows with V. Recall from Proposition 23 that sx (P) denotes the
smallest non-zero eigenvalue of P. The proof is given in section C.6.1.

Theorem 4 Assume that Npy = w (log4 N). Then, for D, & /N diag (\/pN1k,Ipt2),
we have, as N — oo,

De (,ae - Mf) = \/]-T N (bﬂjzzeil)

for b £ (byT,bsT,0,7T)T for some fized by € RE by € R? such that ||b1|| < c1 and ||ba| <
/Capso for some constants cy,cy > 0.
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This theorem establishes the consistency and asymptotic normality of the peer effect param-
eter. This result, therefore, expands the results of McFowland IIT and Shalizi (2023); Nath
et al. (2025) on asymptotically unbiased estimation to v/N consistency in the sense that the
estimation error is Op (N_1/2). We note that there is a small O (N_1/2p<1>é2> asymptotic
bias in the estimation of the peer effect parameter, which vanishes for sparse networks, but
remains for dense networks. As we will show in Section 5.2, the omitted variable bias in this
model is substantial, and peer effect parameter estimation is not possible at v/N-consistent
rate (and even maybe inconsistent) if one ignores the latent variable.

Remark on source of bias in Theorem 4 The bias for the peer effect in Theorem
4 originates from two sources: measurement error and mean vector scale under U = U,.

First, the measurement error H U, — = O(1) whp. obtained from spectral embedding

of the random graph. Second, the mean vector
o1 2 E(y,) = E(Glyo) + E[(I - G) ' (Iy — GH]U.B,

which has the norm of order ||¢:|| = O(v/Npy) from the order of ||U.fB.|. Then, given A,
VN (ée — 6.) approximates a normal distribution with the mean as

1

fTZsoMA (U, — U.H,)H]B..
Therefore the asymptotic normality includes a bias component of the order of O(/pn) for
finite T'. In contrast, the bias in Theorem 9 for the case when latent variables are omitted
is O(\/N pn). Therefore if the network density py converges to 0 at any rate, then this
bias goes away in Theorem 4, but does not go away in Theorem 9 unless the network is
ultra-sparse. This asymptotic bias is 0 unless the network is extremely dense, i.e., every
vertex is connected to almost every other vertex for O(N?) connections across the network.
This is not typically the case for most real-world networks.
Next, we consider the case where K grows along with V.

Theorem 5 Assume that ||fe]| = O (1) as K — oo. Furthermore, assume that Npn =
(log4 N) and N = w (K2 log K'). For a positive integer m, suppose we have a matriz

Qi 2 [Q1| Qo] € R™<UHH2) for Q) € R™¥(K+2), Qy € R™P such that [|Qy || = O (5L
and | Q|| = O(1) as K — oo. If we define Ae = limg 00 QrSe™ LQiT € R™*™  then we

have, as N, K — oo,
2

QxD. (/le - uf) =N <0m, (;Ae> .

Compared to Theorem 3, we require that N grows faster by a log K factor. This is for
attaining the convergence of the asymptotic covariance (see Lemma 29). As evident from
the order of ||A1||, now the convergence rates of 3. and &, 6. are slightly slower by a factor

log K _ .
of NG from +/ N-consistency.
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5. Selection of K and results under misspecification

Until now, we have assumed the number of latent vectors to include in the ENAR model,
K, is known. However, in practice, K is unknown and must be obtained from data. In
this section, we provide several results for the selection of K and results for the cases of
over-selection and under-selection. We develop a strategy for guaranteed over-estimating of
K, based on a new model selection criterion developed in this paper. The reason for focus-
ing on guarantee for non-under-selection is that we show the consistency and asymptotic
normality of some model parameters, including the peer effect parameter, hold under the
model misspecification in terms of overestimating K. Throughout the section, we assume
K does not grow with NV and T

5.1 Over-selection via information criterion

Our goal in this section is to develop an information criterion (IC) that can guarantee non-
under-selection of K. Since the true latent variables U and the true latent dimension K are
not observable in practice, we frame this as a model selection problem. This problem can
be addressed using a criterion, leadlng to the estimation of the number of latent variables
as K. Then, we obtain an N x K matrix U_, .fo» which contains K latent variables aligned
with the leading eigenvalues of the observed network A.

Let K be the true dimension of the RDPG model and consequently, the true number of
latent variables included in the ENAR model. Then, given [ = e, v, consider the following
criterion with a penalty function pyr whose order depends on N,T for the dimension
determination:

Cri(k) 2 B + pyr(k), k€ {0,1,.., I}, Jy €N

where f%l(k) £ %yT (INT — f[l(k)) y for the projection ﬂl(k) onto the column space of 1T®ﬂ:k7l-
Here IAJ:M € RNV*F ig either the eigenvector matrix IAJ:/W or the spectral embedding matrix
i(k)

U. ke corresponding to the k largest-magnitude eigenvalues of A. The term R;" is, therefore,
a modified residual sum of squares (RSS), namely, the RSS one would obtain by regressing
only on the latent variables. The penalty py7 (k) is a positive non-decreasing function in
k. Then, our choice of k will be

A

K £ argming_q, 5, Cri(k),

where Jy is a large number. We describe a general result on the class of penalty functions
pnT for which we have a theoretical guarantee on non-under-selection in Theorem 30 and
Remark 31 in section D. Here we present a corollary that specifies a choice of penalty
function py7 and a choice of Jy that can be used in practice.

Corollary 6 Suppose K < Jy, T =w(logK), K = o(Npy), and Npy = w (log2 N). Set

the penalty as py7(k) = NLjT and

o Choose Jy = [V/N] if N = o(T).

o Choose any Jy such that Jx = o(v/N) if T = o(N).
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Then, we have
}P’{ liminf {K > K}] = 1.
N,K,T—00
While we have assumed a finite time model for the case of spectral embedding when esti-
mating parameters, we do not put such an asymptotic condition when selecting the number
of latent variables K, and the above theorem holds for both U, and Us,.

Algorithm 1 summarizes the complete estimation procedure for the ENAR model, in-
cluding the computation of \//aﬁ"(ﬂ) based on the imputed design matrix W and mean squared
residuals 62 to facilitate confidence interval construction for the peer effect and the rest of
the parameters.

Algorithm 1 Embedding Network Autoregression (ENAR)

Require: Adjacency matrix A € {0, 1}V*¥ (undirected, hollow), responses {y;}% ; with
y: € RV, covariates {Z; € RY Xp}ltT:_Ol, search bound Jy, penalty pyr(k), embedding
type [ € {e,v}

Ensure: Selected dimension K , parameter estimates i = (BT, &, é, AT)T, standard errors,
confidence intervals

Preprocessing:
1: Compute D = diag(Aly) and normalized Laplacian La = D-Y2AD~1/2. Obtain
y=l-...yp)T € RV
2: Obtain Jy leading eigenvalues/eigenvectors of A: (S.;,,V.sy).
Dimension Selection (for fixed embedding [):
if | = e then
Let IAJ-:JNJ = V;JN|S;JN|1/2.
else if [ = v then
Let IAJ-:JNJ = V;JN.
for k=0,1,...,Jy do
if £ =0 then
Regress y on Fg £ 157 to obtain B(O).
10: else
11: Regress y on Fy. £1r® IAJ:M by OLS to obtain B(k),

R A2
12: Compute Rl(k) = % Hy — Fkﬁ(k)H and criterion Cr(k) = Rl(k) + pnr (k).

13: Select K < arg ming<j<, Cri(k) and let U « IAJ:KZ.
Estimation of selected model:

14: Construct Wy = [U | y¢| Loyt | Z¢] for t = 1,...,T, and stack W = [W], ..., WI]T.

15: Regress y on W, including an intercept term, to obtain ji = (BT, a, é, AT)T and residuals
r=y-— Wﬂ.

16: Center the design matrix by setting W « (InT — ﬁlNTlR,T)VAV.

17: Estimate the covariance components as f)w = ﬁVAVTVAV and 62 = ﬁﬂr, where
d=p+ K +2.

18: Compute a covariance estimate \//z;(ﬂ) = ]‘\%XA];I. Report § with SE(d) = [\//z;"(é)]l/2
and asymptotic (1 — «)100% confidence interval [f + Zi—a/2 SE(0)].
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5.2 Asymptotic results under misspecification of K

Here, we discuss the theoretical results when we choose K, # K number of latent variables
to embed for ENAR. The theorems in the case of over-selection, i.e., when K, > K, are
given in the Appendix section B.3. Those theorems on over-selection (Theorems 14 and 15)
show that for the fixed K case, the same theoretical results on consistency and asymptotic
normality hold when K is over-selected as well.

5.2.1 WHEN K, < K

Now, suppose we have selected the number of latent variables K, > 0 smaller than the true
latent dimension K. Note that the ENAR with K, = 0 reduces to the NAR model in the
time series context and to the model omitting latent variables in the peer effect context.
Using conventional array indexing notations, the true latent position information can now
be partitioned as U = [U.g, |U,.x] where U.r, € RN>*%o contains first K, (< K) columns
of Uand Uk, .x € RNV X(K=Ko) contains the next K — K, columns of U which will be missed
in the model fit. If K, = 0, then we will have Ug_.x = U.

To study the under-selection case, we need new results that quantify the deviation of
the estimated N x K, matrix of eigenvectors and spectral embedding vectors from the
true N x K matrix of eigenvectors and spectral embedding vectors, respectively. The next
theorem proves two concentration inequalities, providing results that may be of independent
interest to researchers in statistical inference in networks.

Theorem 7 Assume the network A is generated from a K-dimensional RDPG model, A ~
RDPG(pn,X). Let k € {1,...,K — 1} for K > 1. Write a truncated eigenvector of A as
V... and truncated spectral embedding as V:k\S:k|1/2 which contain k leading eigenvectors

(and eigenvalues). Then, provided that Npny = w (log4 N), there exists a sequence of
Hy ., Hy . € Ok such that

HV%—VHM

= O (1) whp.

=0 (\/NpN) whp.

The proof is given in C.3. Now denote the imputed design matrix with U. K, by
W_ = {IAJ;KO ly| LA | Z} € RNT*(Kotp+2) " which contains an under-selected number of
latent variables, either ﬂ;Ko,v = V;KO or IAJ;KO,e = V:K0|g:KO|1/2 depending on the embed-

ara N1 o
ding method. A least squares estimator fi_ can be obtained as (WIW_> W'y.

| Vikl S/ = VSY2H,

Theorem 8 Assume that Npy = w (T—Hog4 N). Then, for K, € {0,1,..., K —1} we
have

N — |G_ 4, — «
ﬁ (ﬁ—,v - H:Ko,vTﬁU) = bﬁ,v + tlv NT [é v N 61}] = ba&,v + tQ,
—,v v

VNT (-0 — ) = t3
where hyTby, = O (\/7;) whp., hyThag, = O (\/J”/PJ) whp.,hiTt; = Op(1), hyTty =
Op(l),hthg = O[p(l), for any hy € BKO_l,hQ S Bl,hg € BP1 qs N, T — .
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In the above Theorem 8, the limit of suitably normalized estimators is written in terms of

two terms. The terms denoted as t1, to, t3 are all Op(1) and converge to normal distributions

as in the correctly selected K case in Theorem 10. The terms denoted by bg,,bag,, are

asymptotic bias terms. We can compare these limits with the results in Theorem 10, where
T

the orders for the estimation errors of MUH corresponding to bg ,,, bag,, were O ( W) whp.,

and O (, / N%M) whp. respectively. In contrast, in Theorem 8, the bias term corresponding
to o, @ parameters byg, is O(y/T/N), which is higher than O (, /NTT;)N)' Therefore, even

though ty will converge to a normal limiting distribution and we will have v/ NT consistency
for «, 8 parameters, the biases in those parameter estimates are of a higher order than in
the correct or over-selected K case.

The next theorem is for the case when the latent variables correspond to spectral em-
bedding.

Theorem 9 Assume that Npy = w (log4 N) as N — oco. Then, as N — oo, for K, €
{0,1,..., K — 1} we have

\% NTpN (B—,e - H:Ko,eT/BG) = b576 + t1, VNT [2_’6 : 2‘6‘| = ba@,e + to,

Y NT (f?_,e - ’Ye) = b')/ve + t3

where hyThg, = O (vVNpy) whp., hyThbag. = O (\/NpN) whp.,  hsTb,. = Op (/o).
h;Tt; = Op(1), haTte = Op(1), h3Tts = Op(1), for any h; € BK"_l,hQ € Bl,hg e Br—1,

This result can also be compared with the result in Theorem 4, where the orders of estima-
tion error corresponding to the “bias terms” bg ¢, bag . were O (1) whp., and O (\/pN) whp.
respectively. In comparison, the bias terms bg ¢, bag . in the above theorem are O (v/Npn),

and O (\/N pN) whp. respectively. Theorem 9 shows that when the true data-generating
peer effect model contains spectral embedding vectors, ignoring those vectors in the esti-
mation process leads to possibly inconsistent estimation. The estimation error for 6. is
Op(py + N~1/2), which increases as the network gets denser, and in the limit of dense
networks, the estimator of the peer effect parameter becomes inconsistent. In contrast,
Theorem 8 showed that for the model with eigenvectors when K, = 0, i.e., all the latent
variables are ignored during estimation, the estimation error for 6, is Op (1 / \/W) It ap-
pears that with eigenvectors, there is no detrimental effect on the estimation of peer effect
due to omitting latent variables (higher asymptotic bias, but same rate of consistency). This
is contrary to the assumptions from the Directed Acyclic Graph, which says that there is
non-trivial confounding due to the latent variables. Since modeling choice should be made
based on the DAG (Pearl, 2009), the model with spectral embedding vectors is appropriate
for the peer effect problem, while the model with eigenvectors is not. Both theorems also
quantify the estimation error when the number of latent vectors selected, K,, is less than
the true number of latent vectors. The asymptotic orders for the parameter estimation
errors when 0 < K, < K are the same as when K, = 0, as both theorems show.
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6. Simulations

In this section, we use Monte Carlo simulations to illustrate the finite sample performance
of the ENAR model estimator with U = U, and compare it with NAR and CNAR. We
examine the sensitivity of the considered models under model misspecification in terms of
estimations of model parameters and one-step-ahead prediction of y741. In this regard, we
consider the scenarios where {yo, ..., yr} and yr41 follow each of ENAR, CNAR, and NAR.
In the case where we generate y; with CNAR (Chen et al., 2023), we assumed that there is
no latent variable structure in the model noise.

We consider the DCSBM and DCMMSBM for generating the network A, using fastRG
package in R Rohe et al. (2018). First, we used the matrix 2¢q1x + ¢qlx1xT where g = %
to generate the K x K block matrix of connection probabilities. As a result, the ratio of
inter-community and between-community connectivity is 3. The maximum expected degree
for each graph was set to be Npy where py £ N~1/2, ensuring that the graphs are sparse.
Further details of the simulation setup are given in Appendix section E.1.1.
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Figure 2: Plot of estimates of 6 (left) and a (right) from ENAR and NAR models with
increasing N when data are generated from the ENAR model with DCMMSBM. The rows
correspond to K = 3 and K = 12, and the columns correspond to T = 40, 160, 320.

To compare estimation performance, we computed relative root mean squared errors

B-B N
(RMSE) as I IB] for an arbitrary matrix B and its estimate B. Also, we report one-step-
ahead prediction errors as W, i.e., root mean squared prediction errors (RMSP), as

the systematic noise incurred by £ is difficult to predict. To track the model performance
as its dimension grows, we take N = 50,100, 200, 400, 800, 1600, 3200 and K = 3,12. We
also consider finite T' case where T' = 2 and growing 71" case where T' = 40, 160, 320. For
each configuration, we conduct 300 replications to compute RMSEs and RMSPs, and report
their averages as the plotted points. To organize the display of the results better, in most
cases, we plot log RMSE or RMSP against log NV as N increases from 50 to 3200 for the
three values of T' separately.
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Figure 3: Plot of the prediction error from ENAR, CNAR, and NAR models when data is
generated from the ENAR model with DCMMSBM and DCSBM, respectively.

6.1 Generating data from ENAR model

The RMSE plots of peer influence and momentum effects are shown in Figure 2 for data
generated from the ENAR model with DCMMSBM. Each column and row of the facet grid
corresponds to a different value of T' and K, respectively, while the figures within the grids
are with increasing N. From Figure 2, we observe that when the true model is ENAR, the
RMSE of its estimates of a and 6 consistently decreases as N and T grow, which is the
expected phenomenon from our asymptotic theories.

For estimates from the NAR model, while the RMSE for the a parameter still decreases
with increasing NV, the RMSE for estimation of # continues to remain high even when N
and T increase. This is because the NAR fit omits the latent variable effects, and it incurs
irreducible bias in parameter estimation.
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Figure 4: Model misspecification: Plot of prediction error from CNAR, ENAR, and NAR
models when data is generated from CNAR and NAR models, respectively.
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The predictions of ENAR, as shown in Figure 3 for graphs generated from DCMMSBM
and DCSBM, also improve with both N and T. This figure shows that if ENAR is the
true data-generating model, then omitting the latent variables from the fitted model (i.e.,
fitting the NAR model) not only leads to inaccurate parameter estimates but also to higher
prediction error. The CNAR model also does not perform well for prediction when ENAR
is the true data-generating model.

6.2 Comparison Under Model Misspecification

Next, we generate y; from the NAR and CNAR models while generating the underlying
networks from the DCMMSBM model. This corresponds to model misspecification for
ENAR, and we can compare prediction and parameter-estimation accuracy in this setting.
In Figure 4 (left), we see a very good performance of both ENAR and NAR even when the
data is generated from the CNAR model. This is especially true for smaller values of N
and T (e.g., N,T < 50). When K is increased to 12, the performance of CNAR is worse
than NAR and ENAR, even when the data is generated from CNAR. This is because with
increasing K, the performance of the CNAR model estimators becomes worse.

When we assumed the true model NAR, as expected, the predictive ability of NAR was
the best overall for all settings of N, T, K (Figure 4 (right)). However, in each case, the
ENAR model came close in terms of predictive ability while the CNAR model produced
large errors, especially when K was larger and N and T were smaller.

Finally, beyond prediction error, we evaluate the estimation error of the # and « pa-
rameters under model misspecification when the data is generated from the NAR model.
We observe that the estimation of the peer influence effect becomes biased for ENAR, es-
pecially when T and N are larger (Figure C3 in Appendix). However, their estimation
bias is significantly smaller than that of using NAR when data is generated from ENAR,
as shown in Figure 2. Moreover, the ENAR model was able to consistently estimate « at
comparable rates to NAR, showing robustness under model misspecification. In contrast,
the NAR model produced large errors even for estimating @ when ENAR was the true
data-generating model in Figure 2.

6.3 Finite T case: ENAR model

Next, we investigate the performance of ENAR and NAR peer and momentum effect esti-
mators in the fixed T case. We set T' = 2, and K = 3 and increase V. In Figure 5, it is clear
that ENAR can estimate « and 6 well even under model misspecification of generating data
from NAR. The estimation error for estimating both a and 6 from ENAR is comparable
to NAR and decreases with increasing N. In contrast, when the data is generated from
ENAR, we see that the estimate of 6 from NAR is biased and continues to show high error
even when N increases, while the estimation error decreases for ENAR.

Combined with our previous observations in growing N and T cases, ENAR shows
robust estimation performance under various model misspecifications, while achieving better
prediction and parameter estimation performance when the data is generated from ENAR
in both growing and fixed K cases.
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Figure 5: Finite T simulations: Plot of estimates of § and o from ENAR, and NAR model
when data is generated from ENAR and NAR model with DCMMSBM.

6.4 Coverage Rates for 0
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Figure 6: Coverage simulation results

Here, we present simulation results for the interval estimation of the peer-effect param-
eter 6, under the ENAR data-generating process with latent embedding U = U.. We fix
T = 2 and K = 4, and consider three values of N € {500,1000,2000}. We vary a pa-
rameter d € {0.30,0.34,0.38,0.42,0.46,0.50}, which controls the network density through
the relationship to expected degree per node, Npy = N?. Equivalently, for each d, we set
pn = N9 1 5o that smaller d corresponds to sparser networks. The adjacency matrices A
were generated from the DCMMSBM as before. The 95% confidence intervals were con-
structed using the standard error estimate \//z;"(é)l/ 2 obtained from Algorithm 1, assuming
a correctly specified embedding dimension K. Figure 6 compares the empirical coverage
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rates of the ENAR and NAR estimators for 6., averaged over 300 Monte Carlo replica-
tions for each configuration. This parameterization allows us to examine how the reliability
of peer-effect inference evolves as the network transitions from relatively sparse (expected
density N~°7) to moderately dense (expected density N~9%) regimes.
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Figure 7: Plot of estimates of # and « from ENAR with (left) U = U, and (right) U = U,
for K, € {1,K,K }, and NAR model when data is generated from ENAR model with
DCMMSBM.

When the data are generated from the ENAR model, the ENAR estimator (green solid
line) maintains coverage rates that remain close to the nominal 0.95 level for d > 0.3
and different network sizes. In contrast, the NAR estimator (blue dashed line) shows a
clear deterioration in coverage as the network becomes denser (larger d), dropping below
0.6 when the density is N =0, This pattern illustrates the critical role of the homophily
adjustment: as network density increases, omitted-variable bias in NAR invalidates its peer
influence inference. The ENAR estimator mitigates this bias by explicitly modeling the
latent structure, yielding robust inference even under dense regimes. Results for extreme
low density of below N7 are omitted, as both NAR and ENAR recover the nominal 95%
coverage level in those ultra-sparse settings. Notably, the stability of the ENAR coverage
across N indicates that its asymptotic variance approximation remains accurate in finite IV,
while the NAR estimator’s under-coverage grows systematically with both network density
and size, reflecting an accumulation of unaccounted latent confounding.

6.5 Misspecification of K in ENAR

Next, we perform a simulation to compare the performance of the estimators when K is

selected according to our criterion Cr(k), searched over k € {1,...,Jy = ||A||<1>42} using
pnr(k) = NLJFT, with the estimators when the true K is used and when K is underselected
to 1. In Figure 7, we plot the RMSEs for estimation of o and 6 for increasing N and
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fixed T = 3 for the ENAR model with U = U, (left two panels), and U = U, (right
two panels) respectively. In Figure C1 in the Appendix section E.1.2, we plot the RMSEs
for growing N,T for the model with U = U,. In all cases, the estimators with selected
K = K perform similarly or sometimes even better than the estimators with true K. In
contrast, the estimators with K = 1 and K = 0 (which correspond to the NAR model)
underperform. For both modeling setups, our method with a fully data-driven choice of the
number of latent vectors provides effective control of confounding due to latent homophily.
Further in section E.1.3 in the Appendix, we plot the empirical frequency of non-under-
selection using our IC-based selection criterion. We find in our simulation that the empirical
frequency is very close to 1, validating our model selection criterion in finite samples.

7. Real Data Example

In this section, we will analyze two datasets. The first one is a finite-time dataset where the
primary goal is to infer causal peer effects and effects of covariates, and the second one is
a time series dataset where the goal is both accurate prediction and parameter estimation.

For all datasets, we select K using our IC based selection method with p; n7(k) = Nk—jT,

and Jy = CVN.
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Figure 8: Distributions of two outcome variables across two survey waves.

Peer effects in conflict and school climate perception: We apply the methodology
developed in this paper to estimate peer effects on conflict and school climate perception
using data from Paluck et al. (2016). This large-scale field experiment was conducted in
56 New Jersey public middle schools to evaluate the effectiveness of a social intervention
designed to reduce conflict. The students were given two surveys, one at the beginning of
the school year (wave 1) and the other at the end of the school year (wave 2). For this peer
effect analysis, we focus only on the schools in the control group that did not receive any
treatment. The students were asked several sets of questions in the surveys. We focus on
two primary sets of questions to construct our outcome variables.

Conflict Proportion (YCN). We compute the proportion of students that a student has
reported having conflicts with in their school. The survey had five questions (CN1 to CNb)
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that asked students to list the IDs of other students in their school with whom they had
conflicts. We count the number of students they mentioned and divide by the number of
students the school had to arrive at this YCN outcome variable. We take the proportions
as our outcome variable instead of the actual counts since the number of students in the
schools varied substantially from 95 in the smallest school to 685 in the largest one in our
sample.

Prescriptive Norms (YPN). We construct our second variable as the average of the
12 Prescriptive norms (PN1 to PN12) questions in the survey (we call this YPN). The
prescriptive norm series of questions asked students what percentage of students in their
school, according to them, were engaging in friendly and conflict-related behavior using a
pictorial scale. For PN3 to PN6 variables we recode them by subtracting the values from 5
since they are about conflict or bad behavior, while the rest of the variables are anti-conflict
or good behavior variables.

We restrict attention to respondents
with complete information on key covari- Model NAR - ENAR
ates, resulting in V = 7872 observations for
the outcome YCN and N = 7344 for YPN.
In addition to the surveys at the two time
points, the students nominated (up to 10)
peers with whom they “spend time,” form-
ing directed friendship networks. Following
previous work (Le and Li, 2022), we convert
the network into an undirected network by
considering a friendship link if any of the
two individuals in the pair have nominated 0.051
the other person. ~29.1%

Table 6 reports the NAR and ENAR pa- 0.00
rameter estimates with corresponding 95% YeN YPN
confidence intervals for YCN and YPN out-

comes. We estimate the embedding dimen-
sion K using our IC developed in section Figure 9: Peer effect estimates with 95% ClIs

5.1. We estimated rather large values of K (YCN vs. YPN, NAR vs. ENAR).

at 45 and 43 respectively. This is not a sur-

prise, since there are 23 schools and the students come from 4 different grades, leading to
strong clustering in the friendship network. We included the intervals for the significant
predictors (p < 0.05) only. In both specifications, the momentum effects are strongly signif-
icant, reflecting the persistence of behavioral norms over time. The peer-effect coefficients,
highlighted in bold, change between NAR and ENAR. For YCN, it remains positive and
statistically significant under both models, but the magnitude decreases from éeNAR =0.188
to GPNAR = 0.129. For YPN, the peer effect for NAR is ONAR = 0.055 and for ENAR is
QENAR = 0.039. The peer effect, while statistically significant under NAR model, becomes
statistically insignificant at the 5% level under ENAR. The ENAR peer-effect estimates are
reduced by 31.4% for YCN and 29.1% for YPN relative to those from the NAR model (Fig-
ure 9). Together, these results suggest that a substantial portion of the network influence

0.20

-31.4%

Peer effect
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detected by NAR may have been driven by unobserved homophily rather than true peer

effects.

Table 6: Regression table for Conflict and School Climate Perception Data

Dependent variable

YCN (N=7,872)

YPN (N=T7,344)

Model NAR  ENAR (K=45) NAR ENAR (K=43)

Peer influence 0.188*** 0.129*** 0.055* 0.039

(0.141, 0.236) (0.074, 0.184) (0.005, 0.105) (-0.014, 0.093)

Momentum 0.499*** 0.493*** 0.246*** 0.244***

(0.479, 0.519) (0.473, 0.513) (0.23, 0.27) (0.223, 0.265)

Age 0.0001 0.0001 0.009 0.01

6th grade -0.001** -0.001** -0.068 -0.072
(-0.002, -0.001) (-0.002, -0.001)

7th grade -0.002*** -0.002*** -0.128* -0.129*

(-0.002, -0.001) (-0.002, -0.001) (-0.23, -0.02) (-0.235, -0.022)

8th grade -0.002*** -0.002*** -0.144* -0.15*

(-0.003, -0.001) (-0.003, -0.001) (-0.27, -0.01) (-0.282, -0.018)

Gender (Boy) -0.0001 -0.0001 0.129*** 0.126***

(0.096, 0.162) (0.093, 0.160)

Black ethnicity 0.00001 -0.0001 -0.019 -0.017

Hispanic 0.0001 0.0001 -0.004 -0.013

Mother went to college -0.00001 0.00001 -0.022 -0.021

Lives with just mom 0.0002 0.0002 0.010 0.005

L with just dad -0.00002 0.00003 0.011 0.008

L with parents but separated 0.0002 0.0002 0.042 0.04

Participate in music 0.0005*** 0.0005*** -0.024 -0.026
(0.0002, 0.001) (0.0002, 0.001)

L in sports at school 0.0001 0.0001 -0.001 0.0001

L in sports outside of school -0.00001 -0.00001 -0.035 -0.035

L in theater drama 0.001*** 0.001*** -0.006 -0.006
(0.0003, 0.001) (0.0002, 0.001)

L in other arts 0.0002 0.0002 -0.040 -0.041

L in other school clubs -0.0001 -0.00004 -0.031 -0.036

Date people at this school 0.0004** 0.0004** -0.070*** -0.065**

(0.0002, 0.001) (0.0002, 0.001) (-0.11, -0.03) (-0.105, -0.026)

Do lots of homework 0.0001 0.0001 -0.047** -0.048**

(-0.08, -0.01) (-0.08, -0.015)

Do read books for fun -0.0001 -0.0001 -0.120*** -0.117***

(-0.16, -0.09) (-0.153, -0.082)

Note: *p < 0.05; **p < 0.01; ***p < 0.001. 95% Confidence Interval provided in parenthesis.

In order to interpret the peer effect parameter result, let us recall the causal diagram
from Figure 1. For the result on YCN, an increase of 1% in the average peer response
(i.e., the proportion of students the peers mention to have conflict with on average) leads
to an increase of 0.129 % increase in an individual’s own response (proportion of students
the individual mentions having conflict with) in the next time period. Similarly, for the
result on YPN, a 1 unit increase in the average response across 12 PN categories by the
peers (averaged across peers) leads to an increase of 0.039 units (however, it is statistically
insignificant) in an individual’s average response across PN questions in the next time
period.

Wind speed time series data: Next, we apply the ENAR model to a multivariate
time series consisting of wind speed measurements recorded over 721 time periods at 102
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weather stations across England and Wales. The dataset is available from the GNAR package
in Knight et al. (2020). This setting represents a high-dimensional regime with both large
T and large N.

For comparison, we include the NAR and VAR(1) models, where VAR(1) denotes the
vector autoregressive model of order one specified as y; = I'y;_1 + ¢, with I' € RV*N being
a coefficient matrix. Structurally, the VAR(1) model allows arbitrary pairwise dependencies
among all nodes, whereas NAR and ENAR impose network-based parsimony by encoding
peer dependence through a scalar parameter 6.

We assess 1-step-ahead prediction accuracy 200 times for the considered models. In the
i-th prediction task, we fit the NAR, ENAR, and VAR(1) models to the time series up
to time 519 4 ¢ and predict the response at time point 520 + ¢. We continue increasing i
and slide the training-data window until 4 = 200. For the ENAR model, we estimate the
dimension of the latent variables as K = 10 using our IC model-selection criterion.

As shown in Table 7, NAR produces the
largest mean of MSPE across 200 prediction Table 7: MSPE distributions over 200 test
windows, indicating the lowest predictive time points
accuracy. Although VAR(1) achieves the
smallest average MSPE, it has the largest Model mean SD IQR
standard deviation (SD) and widest in-
terquartile range (IQR), implying greater
variability in its prediction performance.
By contrast, ENAR attains higher accuracy
than NAR with the smallest SD and IQR,
demonstrating improved stability in predictions over time.

ENAR  0.37740 0.09104 0.11391
NAR 0.37791 0.09146 0.11665
VAR(1) 0.36884 0.09489 0.15266

Next, to compare model fit, we compute Akaike Information Criteria (AIC) and Bayesian
Information Criteria (BIC) for each model as follows:

RSS
BIC(k) := klog(NT) + NT log RSS

NT

where RSS denotes the residual sum of squares. In the left panel of Figure 10, we report
the AIC and BIC values of NAR, ENAR, and VAR(1) models as the training time window
gradually expands. As the training window expands, all models improve monotonically
under both AIC and BIC. Yet their rankings diverge: AIC favors VAR(1) for its flexibility,
whereas BIC, which imposes a stronger penalty on model size, prefers the more parsimonious
NAR and ENAR. The discrepancy reflects VAR(1)’s O(N?) parameter space, which inflates
its BIC penalty.

Due to the vertical scale of the left panel, the NAR and ENAR curves appear nearly
indistinguishable. The right panel therefore plots the information-criterion differences,
IC(ENAR) — IC(NAR), across 200 evaluation windows for both AIC (solid red) and BIC
(solid blue). Negative values indicate that ENAR achieves a lower information criterion
than NAR and thus provides a more favorable model fit. Both the AIC and BIC differ-
entials remain persistently negative and diminish slowly over time, indicating that ENAR
consistently outperforms NAR in balancing goodness-of-fit with model complexity as more
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Figure 10: (left) AIC and BIC of all three models with increasing time, (right) Difference
in information criteria between ENAR and NAR for the Wind speed data.

data become available. Overall, ENAR attains predictive accuracy comparable to VAR(1)
while offering a more stable, parsimonious, and interpretable network-based representation.

8. Conclusion

The ENAR model can successfully address two major statistical problems. It embeds latent
homophily effects in the network autoregressive model, tackling both consistent estimation
of causal peer effects and enhanced predictive performance for time series. We proved that
variants of the ENAR estimators have asymptotic normality in both long-term and finite-
time cases. Our theoretical results provide conclusive answers to several previously open
questions on peer effects. These questions include how to model peer effects with latent
variables in a growing N and K setup, what the trade-offs are between measurement error
and omitted-variable bias, and how to select the dimension of latent variables. Further,
for the growing T case of the network time-series autoregressive model, our results answer
whether it is possible to consistently estimate model parameters when latent variables are
included.

Our numerical studies further clarify the practical regimes where each method is most
advantageous. For short panels with finite 7' and networks of moderate size, the ENAR
model yields clear gains over NAR and CNAR by effectively adjusting for latent homophily,
resulting in lower bias and more accurate inference for the peer-effect parameter 6. These
benefits are most evident under sparse or moderately dense networks where Npy grows
slowly, consistent with the asymptotic regimes in our theoretical results. Hence, ENAR is
most beneficial for causal peer-effect inference in sparse and moderately dense networks.

Taken together, this work advances the methodological and theoretical foundations for
both causal peer effect estimation and predictive modeling in networked longitudinal data.
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Appendix A. Notations

Here, we summarize the notations we frequently use in the main text. Let a, a, and A
be generic notations for scalars, vectors, and matrices, respectively. Let 14 denotes an
indicator with support set A. For a matrix A € R™*™  write its element at (¢, j)-th entry
as a;;j. Let Oy g := {H € RVXK.-HTH = I} be a collection of N x K matrices with real
orthonormal columns. Write an m-dimensional vector and m X m matrix with zeros as o,,
and O,,, and let I,,, denotes an m x m identity matrix. Let S?~! = {h € R?; ||h|| = 1} and
BP~! = {h € RP;||h|| < 1} denote p-dimensional unit sphere and ball, respectively.

For an n-row square matrix X, let tr (X) = Y-, x;; denote its trace and s;(X) denote
the i-th largest magnitude eigenvalue of X such that |s1(X)| > -+ > |s,(X)|. The i-
th leading eigenvector of X will mean the eigenvector corresponding to this ¢th leading

. . . A
eigenvalue. The following are some matrix norms: {o-norm || X[, = max; Y|z, f2-norm

A
= max; j

|X|| £ suppegn-1 ||Xh||, max-norm [ X]|| z;j|, and Frobenius norm || X||, £
tr (XTX) Y2,

For a,,b, > 0, we write a,, = b, if there exists ¢ > 0 independent with n such that
ap > cb, for all n. Also, for all e > 0, write a,, = w(by) if there exists ng > 0 such
that a, > eb, for any n > ng and write a,, = Q(b,) if there exists ny > 0 such that
a, > eb, for any n > ng. The notation f, = ©(g,) means that both f, = O(g,) and
gn = O(fn) hold. We say X,, = O(Y,,) whp. (with high probability) if for any ¢ > 0 there
exist C'= C(c) > 0,n9 > 0 such that P (| X,,| > C'|Y,|) < n~¢ for all n > ng. Also, we write
X, = O0(Y,) as. if | X,| < |Ya| almost surely, and write X,, = O(1) as. if there exists M > 0
such that |X,| < M for all n almost surely. Finally, we denote a weak convergence of a

sequence of random variables by X,, = X.

max

Appendix B. Additional theoretical results
B.1 ENAR model fixed K asymptotic normality results

In this section, we discuss the asymptotic normality results in the ENAR model when K
is fixed. These results complement the growing K results discussed in the main text. The
first theorem is for growing T case, while the second one is for fixed T case.

Theorem 10 Assume that |a,| + |0,] < 1 and Npy = w(T + log* N). Then, for D, £
VT diag (IK,\/]VIP+2>, we have, as N, T — o0,

D, (ﬂv - Hf) =N <0K+p+2,022u_1) :

Theorem 11 Assume that Npn = w(log4 N). Partition the parameter vector as f, =
(BT, p—pT)T and fu, accordingly as well. Then, we have 3, — H,T3, = Op(1) and

2
VN (ﬂ,gﬂ, - ,uljﬂyv) =N <op+2, UTE_W,1> , as N — oo. (4)

B.2 Network regression model results

Our next two results are related to the Embedding Network Regression (ENR) model. As
aforementioned, ENR is a special case of ENAR with T" = 1 < oo. Specifically, it can be
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derived from ENAR with finite T let yo £ 1y, Z £ Z, and assume that there is no peer
influence effect, i.e., 8 = 0.

Without loss of generality, we may omit the grand mean effect, a. Therefore, we have
the reduced data model as wiT £ (x] ;,27) and p" £ (8, 7,7, 7)T € REF?, hence giving
the representation y; = W7yl + & for & ~ N(oyn,02Iy). With a usual least squares
estimator 47 £ (W'TW") ' W'Ty, | the following two results are corollaries that follow

from Theorems 11 and 3, respectively.

Corollary 12 (Fixed K) Assume that Npy = w(log! N). Then, we have 3, — H,T3! =
Op(1) and VN (35 —~7) = N (Op,O'QZz_l), as N — oo.

Corollary 13 (Growing K) Further assume that ||5}|| = O(1) as K — oo, Npy =
w (log4 N), and N = w(K?). For a positive integer m, suppose we have an mx (K +p + 2)
)

matriz Qg such that |Qg|| = O(1) as K — co. Then, we have Qx (Bg - H) TB{;) = Op(1
and VN (3] — 1) = N (op,a222_1) as N, K — .

B.3 Misspecification: when K, > K

Suppose that we have embedded more latent variables than the true K value in ENAR and
obtained the over-specified model. This is guaranteed with a high probability according to
Theorem 30. Therefore, we obtain an augmented estimation of latent variables as ﬁ; K, £
[Ij;[dﬂK:KO} € RN*Ko with ﬂK;KO, which contains K, — K auxiliary latent variables.
Then, we can pick its population counterpart, which is partitioned as U = [U|Ukg.x,]. For
the case of spectral embedding, U, = VS!/2 contains original K -dimensional latent variable
information while U .k, . = Onx(k,—K) because, for alli > K, s;(P) = 0 as the rank of the
population network connectivity P is K. For eigenvectors we have U, = [V|V .k, | where
Vk.k, € RN *(Ko—K) ¢ontains the eigenvectors corresponding to those trivial eigenvalues.
Now let us augment the estimate of the design matrix W as W+ £ {1T ® U KK, | VAV} IS

RNT*(Kotp+2) - Also, denote the augmented true parameter vector by py € R¥etP+2 which

puts K,— K null latent effects on those auxiliary latent variables as the true data-generating
model is assumed to regress on U € RV*E only. Then, naturally we obtain a least squares

ae a1
estimator fi, = (WI_WJF) W, Ty which can be decomposed as
aroas =1
N H, H
iy = (WT+W+) W1 (W p 4 5) .
To keep the notation consistent, we write fiy , fi4+ , to denote the estimators with spectral

embedding and eigenvectors, respectively. Now we state the central limit theorem under
the case of over-selection of K.

Theorem 14 Assume that Npy = w (T + log* N). Define an augmented asymptotic pre-

- . Ix,-x Ok, —
cision covariance as Y4, = [ KoK (Ko KE)JX(K“’“)
v

gence rates D ,, £ /T diag (IKO, \/NIerQ) we have, as N, T — oo,

] . Then, for an augmented conver-

D, (/j—hv — Mf,'u) =N (0K0+p+27022+,v71) :
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Theorem 15 Assume that Npy = w (log4 N). Define an augmented asymptotic precision

; 0] (0)
covariance as L4 o = l KoK M(Ko—K)x (K-+p+2)

Ye
rates Dy . 2 VN diag (/pn1k,, Ipy2) and 3 . deﬁned in (12), we have, as N — oo,

]. Then, for an augmented convergence

i+,eD+,e (ﬂ+,€ - :uf,e) = ﬁ N (bv 022+,e)

orb 2 (ox._kT,b1T,baT,0,7T)T for some fired by € RE by € R? such that ||bi| = ¢1 and
o p
IIbe|| = \/C2pe0 for some constants ci,co > 0.

The above theorems show that for the fixed K case, the same theoretical results on con-
sistency and asymptotic normality of parameter estimates hold when K is over-selected as
well. The rates of convergence for all parameters, including the 5 parameters corresponding
to the latent factors that are truly in the model, are the same as the case when K is known.
Note for Theorem 14, we let both N, T — oo since that pertains to the network time series
and peer effect models with eigenvectors, while for Theorem 15, we let only N — oo and
keep T fixed since the model with spectral embeddings is intended to be used for the peer
effect problem only.

Appendix C. Proofs and additional results for ENAR model in Sections
3&4

C.1 Strict stationarity

We start describing our estimation methodology with a discussion on the stationary distri-
bution of y; for ENAR. Given our aim to establish its asymptotic distribution under both
finite and diverging 1" and growing network size N, we first derive a stationary solution
for y;. We denote P* £ P (-|A), E* £ E(-|A), and Cov* £ Cov (-,-|A), as the conditional
probability, expectation, and covariance, respectively, conditioning on A. Using notations
similar to Zhu et al. (2017), define G £ aly + LA and Er1 2 Zyy + E41. Then, we can
rewrite the ENAR model equivalently as

yir1 = UB+ Gy + &1 (5)
When N is fixed, the following results hold.

Theorem 16 If |o| + |0] < 1, then there is a unique strictly stationary solution to the
ENAR model (5) with a finite first moment, and the solution is given by,

yi=(In —G)'UB + Z G&_; (6)
=0

where the latent variable U is either U, or U,.

Lemma 17 Define I'(h) = Cov*(yy,yi—n) for all t. Upon the conditions in Theorem 16
and conditional on A, (6) follows a normal distribution with the mean ¢ = (Iy — G)~1UB

G'(0) ,h>0

and vecT(0) = (Iy2 = G ® G) ' vec {(0° +797%.7) In} and T'(h) = {F(O)G_h Jh < 0.
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The proof of Theorem 16, along with all other theorems and lemmas, is contained in the
Appendix. These results closely resemble the stationarity results presented in Zhu et al.
(2017) for the model without the latent effects. In addition, we now need to distinguish the
mean E(y;) = ¢ between the cases U = U, and U = U, by denoting them as ¢, and ¢,
respectively, since they correspond to different means under different modeling choices. For
simplicity, we will denote I'(0) by I" henceforth. Next, we note that y; is asymptotically
stationary in the sense of Definition 24 in the Appendix when the network size N grows.
The following theorem is also proved in the Appendix.

Theorem 18 Upon the conditions in Theorem 16 with N — oo, (6) is a unique strictly
stationary solution with a finite first moment for either latent variable U, or U.. i.e.,
maxi <j<oco I |yit| < 00.

C.2 Technical Results

Here, we list some technical results that are useful in proving the asymptotic properties of
our estimators for ENAR and AMNAR.

Proposition 19 If X,, = O(Y,) whp. and Y, = O(Z,) whp., then X,, = O(Z,) whp.
(or as.) If X, = O(Y,) whp., then we have P ({|X,,| < C|Y,|} ev.) =1 by Borel-Cantelli
lemma.

By the model assumptions, the responses of interest, y;, follow stationary sub-Gaussian
distributions. To establish the concentration of our estimators, we employ sub-Gaussian
concentration theories as discussed in Vershynin (2018). However, since both the observed
graph A and the covariates z;; are random, the analysis requires investigating the asymptotic
behavior of inner products involving multiple random components. Consequently, classical
sub-Gaussian concentration inequalities such as Bernstein’s or Hoeffding’s cannot be applied
directly.

For instance, in the case of the Hanson—Wright inequality (Rudelson and Vershynin,
2013), it remains unclear how the tail behavior of the corresponding quadratic forms changes
when the associated matrices themselves are random. Under our assumptions on the random
graphs and random predictors, these components are shown to be stochastically bounded,
which in turn enables the derivation of analogous concentration results.

Lemma 20 (Hoeffding’s Inequality) Lety € R" be a sub-Gaussian random vector such
that supyegn—1 [0y, < oo, with independent coordinates and zero mean. Let x € R™ be
a random vector such that ||x|| = O(g) whp. for some g > 0, and assume that x and 'y are
independent. Then, there exist constants ¢ > 0 and ng > 0 such that

(49

2
1
B(xTy| > v) < 2exp (—) .
g n

for all n > ng and v > 0. If g is a constant, then the % term on the right-hand side
disappears.

Proof By the general Hoeffding inequality, we have for every fixed realization of x,

2
P(|xTy| > v | x) < 2exp (—CUH2> :

(S
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Denote the left- and right-hand sides by f,(x) and h,(x), respectively. By assumption,
there exist constants M,ng > 0 such that P (||x|| > Mg) < 1/n for all n > ng. Define the
event A, = {||x| < Mg}. Then

cdv?
fa(X)4, < hp(x)La, <2exp (— e ) Ia,

for some constant ¢ > 0. Since A,, is o(x)-measurable, taking expectations yields

dv?

EP (A, n{|xTy| > v} | x)] =P(A, N{|xTy| > v}) < 2exp (— 7 ) P(A,).

Hence,
v?
P({IxTy| = v} \ A7) < 2exp (— 5 ) :
9
v?
L P(xTy] > 0) < 2exp (— 2 ) +P(AS).
g
For almost surely bounded x, the term P(A¢) vanishes, yielding the desired result. |

Lemma 21 In Lemma 20, now suppose that ||x|| = Op(g). Then, Ye,v > 0 there exist
some ¢ > 0,ng > 0 such that

2
P(|xTy| > v) < 2exp (—Z;) +e

for all n > ng.
The proof of Lemma 21 coincides with Lemma 20.

Lemma 22 (Hanson-Wright Inequality) Let y € R™ be a random vector with independent
coordinates and zero mean such that supycgn—1 [[W'y|,, < oo. Let S € R™ ™ be a random

matriz which is independent with y such that ||S||% = O(h) whp. and ||S| = O(k) whp. for
some h,k > 0. Then, there exists ng > 0 such that

v? v 2
P (ly"Sy — E(y"Sy)| > v) < 2exp l_cmin (h’ k:)] T
n
for allm > ng and v > 0. If ||S||2F = O(h) as. and ||S|| = O(k) as. , then we have
(v
P(ly™Sy — E(y™Sy)| > v) < 2exp |—cmin | -,

for alln > 0.
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C.3 Concentration of ASE

In this section, we prove the asymptotic order of the measurement errors when approxi-
mating U by U using either eigenvectors or spectral embedding. First, we have sx(P) =
©(Npn). By Davis-Kahan Theorem, we have

e A-P A-P
Join [V VH| =0 (”sK(P)H) =0 (” Npx H) ‘

That is, a large eigengap reduces the error of approximating V by V, which in turn stabilizes
the downstream regression estimates in ENAR.

Proposition 23 Assume that A ~ RDPG(pn,X) and there exists constants ¢, Ng > 0
such that cNpny < sg(P) for all N > Ny. Then, if Noy = w (log4 N), there exists a
sequence of matrices H,, H, € Ok such that

"V—VHv

(k) o

Klog? N
:O<1+ 705 )whp.

Proof The spectral norm version of Lemma 5.1 of Lei and Rinaldo (2015) is straightforward
as we have infgeco, HV - VHH =0 {Hsin 4(V,V)H} and:

| VIS - vs'/2H,

v 0.0 =0 v (199 )

where sin Z(V,V) £ diag [sin ocos™ s (VTV),..., sinocos™! sK(VTV)} denotes the dis-

tances between the subspaces spanned by V and V, measured in the sin’s of canonical
angles (Lemma 1 of Cai and Zhang, 2018). By Davis—Kahan Theorem, we have

. A-P
‘WVT@—VVYHgﬂ;ﬂnH—O(¢£W)wa

so, there exists H, € Ok such that HV —VH,| =0 (VJ\}W) whp., and this completes

the proof for the concentration of V. — VH,,.

Now we proceed to the case of spectral embedding. Let us denote the orthogonal matri-
ces containing left and right singular vectors of VTV by H; and Hj respectively, and define
an orthogonal matrix H* £ H;H,T € Og. Then, we have

(e - s = 0, Rl

si(A)| — S; P
1/2 < (H"), | ]iK)(|P)1/2( )

hence by Kato-Temple inequality (Cape et al., 2017) and ||H||, = VK,

5 Klog? N
f&11/2  Ql/2gp _ g
HH |S| SY“H - O( Now ) whp.

< HH*|S’1/2 _sl/2g*
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Let R; 2 VVTV — VH* and Ry £ H*[S|'/2 — S1/2H*. Note that V|S|'/2 = AV|S|~1/2
and VTP = SVT. Then,

V|S|'/2-vs'/?H* = V|S|'/? — VH*|S|'/? + VR,
= (V= VVTV) [§]"/2 4 RS2 + VR,
= (Iy — VVT)AVIS|7Y/2 + R |S|V/2 + VR,
= (Iy — VVT) (A —P) V|S|V/2 + Ry|S|"2 4+ VR,.

It is easy to check that HVTV —H*| =0 (N;N) whp. as

VTV - H*| < ,max 1—5(VTV)
=1, K
< max ‘1 — si(VTV)Q‘ = Hsiné(V,V)H2 < w

So, we observe that

IRy < |[VTV - B

1 Klog? N
:O(>,R Y BYEALCIEAR R
Npx H 2| ( Non ) P

| = VVT) (A= P) VIS|2) < A — P s (S) 2 = 0.1) why.

and

by |sk(A)| = 0O (Npn) whp. Therefore, we have

. Klog? N
[vi82 - vsieme :0(1+ ]\?g) whp.
PN

Proof [of Theorem 7] In Theorem 7, we establish the asymptotic orders of ASE concentra-
tion under under-embedding, i.e., the case where we embed k eigenvectors of A while the
true latent dimension of the graph regime, rank(P), is K > k.

Basic steps are similar to the proof of Proposition 23. Again we have infg, co,

© {Hsin Z(V, Vk)“} and:

Vi — VH| =

Jsin 20V, V)| =0 [ vV (1- 0,09)[}.

Now let A, = Vkék\? be a truncated eigenvalue decomposition of A where S, is a
diagonal matrix with & (< K) largest magnitude eigenvalues of A and Vi € Ong is a

matrix with corresponding k eigenvectors. By Weyl’s inequality, for V=Vg= {V VK}
we have

K
1A = Agll = > si(AVV]T| = spi1(A) < 51 (P) + A~ PJ|.
i=k+1
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So, we have |Ar — P|| < sk+1(P) 4+ 2||A — P||. Then, by Davis—-Kahan Theorem,

2Ax — P|| _ 2s:4(P) ( )
< @) hp.
sk(P) ~ sg(P) Non) P

provided that Npy = w (10g4 N ) Therefore, there exists Hy, , € Ok ) such that

v (190

|V = VH,

= g1+ 0 () whp.

Npn

where qpy1 = 2?‘;(1}(,?) Notice that g > qr41 for £k = 1,..., K and ¢x41 = O(1) as

si(P) = O (Npy) for all i = 1,..., K and gxy+; = 0 for all ¥ > K. This proves the first
conclusion.

Now consider the case of spectral embedding. Let us denote the orthogonal matrices
containing left and right singular vectors of VTV, by Ry, and Rj, respectively, and define
HZ £ RiR,T € OK,k:- We have

. (A —s(P)  [i=1,...,K
HAS,1Y2 - V2 ) = (HY).. |sj (A )
( IS k>g (FLk);; |5 (AR) Y2+ 5;(P)Y2 \j=1,....k

hence by ||Hj| » = Vk and the increased magnitudes of the elements at i > k,
b 0] (\/kNpN) whp.

Let Ry £ VVTV,—VH} and Ry £ Hj[8.4['/2~S"/2H}. Since [Vx[SxY2| = | AxV.4/S. 777
and VTP = SVT, we have

18172 - 812

< ||Hi[Sl " - s1/my

IVl = VS2HG || < |Vl Sua]2 = VELIS4]|| + [ VR
< (= VVIOL) Bl Rl ] + R
+ R
< || = VVT) (Mg = P) VS 7| + [RalSk1V] + IR

< H(IN - VVT)AkV:k|S:k|_1/2H + HRl\gsz/Q’

Check that || VTV, — Hj

= O (1) whp., and we have

IRal = [VTV - B

=0(1),|IRa]| = O (VNpw) whp.
and

|y = VVT) (A = P) Vgl S| 77| < || Ak = P 184172 = O (VNpw) whp.
Therefore, we have

|VklSui]/2 = vS'2H;

=0 (M) whp.
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C.4 Proofs of theorems on Stationarity

To show stationarity, we adapt the proofs of Zhu et al. (2017) to the setup of ENAR.
Proof [of Theorem 16| First, note that the maximum absolute eigenvalue of L4 is strictly
less than one. So it is straightforward that the spectral radius of G, denoted by g, satisfies

g<laf+10] <1 (7)

with probability one. Therefore, 3772, G7&,_; exists as., and y; in (6) is a strictly stationary
process. It is straightforward that (6) satisfies (3). Next, assume that y; is another strictly
stationary solution with E||y;|| < co. Then,
m—1 ] B
yi= Y G(UB+&E—;)+ G yim
=0

for any positive integer m. Therefore,

o0
E|lye —ye =E* | > G/(UB + &) — G™y1| < Cg™
j=m
for a constant C' independent of ¢ and m. Growing m to infinity, we get E||y; — y:|| = 0
hence y; = y; almost surely. |

Therefore, as G7&;_; ~ Ny [0, (62 +77%,7) G¥], the movinag average representation in
(6) will follow a normal distribution with mean E*(y;) = (Ixy — G)~' U and Var*(y;) =
(02 +77%,9) Z?io G2 for all t. After solving the Yule-Walker equation for determining T,
we get Lemma 17. Next, we prove Theorem 18 according to the following definition.

Definition 24 (Zhu et al., 2017) Let {y; € RV} be an N-dimensional vector with N —
00. Define M = {w € R® : Y2 |w;| < co}. For each w € M, let wy = (w1, ...,wy)T €
RN be the truncated N —dimensional process. y; is said to be strictly stationary if Yw € M

1. y¥ = limn_oo WNTY: exists almost surely.
2. y¥ is strictly stationary.

Proof [of Theorem 18] To prove the existence of a stationary solution, it suffices to show
that (6) is strictly stationary according to the above definition. Write |Al|, as a matrix
of absolute elements of a matrix A. Moreover, write A < B if B is not less than A
elementwisely. Recall that y; = Z;”;OI GI(UB + gt,j) + G™y;_.n, hence

yir = lim y, = Z G/(UB+ &)

m—00 2
=0

i. For the columns of U =V, say Vi, ..., Vi, We have U = Z]K:l V;B; and its £-norm
is bounded as US|, < 32751 1851 1Vjllo, < [18]l; hence (US|, < |18 1w

ii. For U = V82, then [[UB| o, < IVl 51(P)"? 1Bl < VE IVl5,00 51(P) /2 18]l =

O (VKpn ||B]ls) hence |UB|,, < 1|8l VEpn1n. Note that K is fixed in this proof
and py is not greater than one.
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So, for both choice of U, we have E ‘Uﬂ —i—é’t_j‘ , S C -1y for C = VK ||B||, + E|z]v| +
E |e11]|. Since L4 is normal and symmetric, its spéctral decomposition can be given as LA =
U,S,U,T with orthogonal eigenvectors Uy € R¥*N and S, containing corresponding
eigenvalues of Lao. So, we have HEAjuoo < Uzl HUL;THOOp(LA)j < (' for a constant
C’ > 0 independent of j. Therefore, |G|z€1N = (|0|La + |a|In) 1y < C(|0] + |a]) 1.
Consequently,

|Gl

oo o0
E* [wyTyi] < [wall E* lyelloe < D lil 3B =N
i= j=0

<D wil Y(16] + |al)!

i=1 j=0

implying that limy_ . WxTy; exists almost surely. Next, assume that y; is another strictly
stationary solution with a finite first moment. Then, E |y;|_, < 15. We have

o0
E* [wnT(y: — y0)| =E* | Y wyTGH(UB + &) — Wy G™§im

j=m

which is bounded above by the product of a constant and

er Z {Ual+ 161y + (ol +10)™ }

for any w € M. Growing m — oo, we have wyT(y; — ¥¢) = 0 as. hence y; = y; as. |

C.5 When ENAR embeds eigenvectors U =V under growing N,T
C.5.1 CONSISTENCY

Here, we prove the asymptotic normality of /i for both cases where K is fixed and growing.
First, we clarify some notations here. Let I'y £ Cov*(y). Write ®, £ 17 ® ¢, and
y £ Fy*%(y —®,) so that y = Fy1/2§r + ®,. Note that the entries of ¥ are independent by
the property of the multivariate normal distribution.

By Proposition 2.2 and 2.3 of Basu and Michailidis (2015), with probability one, we
have )

o2 o |Vall||Ve|

<

Mmin(G) (1—-9)?
where g is the spectral radius of G in (7), Vg is an orthogonal matrix that contains

cigenvectors of G and mmin(G) £ mingec,.j=13(Iv — G2)*(In — Gz). The last upper
bound holds because G is diagonalizable. So, we have ||I'y| = O(1) as.

Proof [of Theorem 10] First, define V £ VH, and let w2 [\7 |ve, LAYt | Zt}v Mg,v =
(298 0, 0,,07) ", Wi 2 [VNV |ye, Laye | Ze], WIT 2 [VNV | yi, Layi| Z], and Wy =

ITyll <
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[\FV |y, LAy | Zt}. Under this representation, we have W,D, = v/ NTWt, vVNTD _lugv =
pll and WHuH = wWH u{iv. Collect and bind them row-wise for ¢ = 0,...,T" — 1 to obtain
NT x (K + p + 2) matrices W7 WH and define W analogously. For 3, 2 ﬁVA\/TVA\/ and

A .
Type = ﬁWTE, we have

o = (WTW) W (wﬂﬂf +é)

D 1
T
(NTW WD )

(WHuwyv + 5)

=( ) WT (WH W)uwv—l—Wuwv—l—E}
— D, 15! { pT (WH — 'mﬁuﬁv+\ﬂVTn%}+wﬂVTDv1uﬁv

Dy (ju - pll) = \;;N;WT (W = W)l + VNTS; e

Therefore, we next show that the first term on the RHS is negligible and v NV Tﬁ]g Lrwe is
converging to a multivariate normal distribution. We start by claiming that 3, is converging

to a matrix with finite entries as N and T tend to infinity. This will allow us to focus on

the behaviors of ﬁWT (WH — VA\/)ugm and vV NT'ry, and then apply Slutsky’s Theorem.

Claim C.5.1 f]v converges to X, in probability, i.e., f]v = Y,

Proof As consequences of statements 1-9 from Lemma 25, we have

NIK \/Nvat \/NVT,CAyt \/NVTZt

s 1 yi'ye yiTLAY: yi'Zy
Yo = — 8
" NT ;) YiTLAY:  YiTLAZ (®)
7,77,
Ik ﬁvnpv ﬁvTﬁAva OK><p
) 1,7 Lo1r T
= Nljlvgoo NPu' Put T2 NLQOU Tﬁ%‘ﬂv + 723 OIT; =%, (9)
’ NSO’U ASO’U + 73 Op
2.

for Npy = w(log® N). Existence of 7o, 793, and 73 come by dominated convergence theorem
after noting that tr (CAT') < ||£a]| tr (T') = O (N) as. and tr (L3T) = O(N) as. Also noting
that H\N/'H = 1 and the asymptotic order of each term found in the proof of Lemma 25, we
have

- T, —
2, \ﬁhl Viey =0,

N(pv

1 - 1

= h,TVT o Ty —

\/Nhl VTLApy = 0’1\}51100 NP P 0,
1

TEA(PU = 07 N‘PvTﬁi(Pv =0

for all hy € BX-1,
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Claim C.5.2 ﬁWT(WH — W)M'[{_}Im = OK4p+2-
Proof Since W is different from W by VN \Y% only, we have
T
1 A A Zt 0 yi' A _
——WT (W W)l = YN V- V)H, 5,
VvVNT ( )Mw’v \/7215 -0 YtT[’A ( ) P
ZT 1 7.1
\/ﬁ t=0 it

Then, by the statements 10-13 of Lemma 25, for any h € BXP+1 we have

hTWT (WH — W) ,ufiv

1 2 2
]P’[\/W) >v} < C1/N + Cyexp (—cN PNU )
for some constants c¢,C1,Cy > 0 and any v such that v > C’,/NLpN for some C’ > 0.
Provided that Npy = w(T'), we have the conclusion by Cramér—Wold.
Claim C.5.3 VNTrye = N(0kipi2,025,).
Proof It is sufficient to show that for any 77 € RE+PF2 gquch that ||| < 1, we have
VNTQTrye = N(0,027T8,7n). Denoting &y 2 (NT)™ 1/2 "W & and

Fne = U(A7 €is) Zi,(s—l);i <N, —o0<s< t)7

{3 &ns, Fnt} constitutes a martingale array for each N,t < T. Then, we can apply

Corollary 3.1 of Hall and Heyde (2014) to vV NTNTrye = ZtT;Ol ENt+1 by checking following
two conditions:

(D) 0B (i lfey 5o} Five) = Op(1):

(2) S0 E (o[ Fve) = 0702 + Os(1).
Proof [of (1)] First, we have

T-1

D E (SRas1 ey anfoo} Pe) 070 DIE (SheasalFve)
t=0 t

One can easily verify that

1 2
E (gjlv,t+1‘FNt) S_, 0'4 (MUTWt Wt')’]) .

T N2
So, we only need to show that ), (ﬁnTWtTWm) = Op(1). First note that

(NT) "W, W,

1k \FTV Vit ﬁVTﬁAYt \FTV Z

_ Y Y ey LAY wpye Ze
=Y LAY wpyi LAZ

NlTZTZt
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Since similar arguments can be used to show the convergence of each entry, take

=

t=0

1 ~ 2 1 . N
anVTYt> = 5> m"Vyy: Vi
VvVNT NT 7

for example, where 171 € RE; ||| < 1. Then, we have
T-1 R X R
> mTVTyy "V =yT {IT ® (meTVT) } y.
=0

Denoting V — V by A,, we get
Y02 (Ir @ (Aymm AT} Dy 2y = 37 {IT ® (Fl/QAwmlTAqT]ﬂm) } y-
Letting S 2 Ir® (F1/2Av771771TA1T)F1/2) and C £ Iy @ (Fl/QmeTVTFl/2>, we have

112
S ‘F = Ttr{(AvmmTAI}F)Q} < T Aymm AT tr (T2) = O (NT (NpN)_Q) whp. and
S| = [rv2aummTArrt2| < A [T = O((Npx) ™) whp. By Lemma 22,

v2 U\/ﬁ }) L 3
(Npn)™2" (Npw) ™ N

1 A N
Tée o [eTqe .
P[m’y Sy E(y Sy)‘>v} <2exp< cmm{
Note that E (yTSy) =TEtr (AymmTAIL) and T tr (Aymm TAIT) < T |Aymm TAT|| tr (T)
hence is O (T'/pn) whp. Therefore, limy 700 % < oo as. hence SITSSI = Op(NT?). So

we have E (SITSSI) =o(N T2) by dominated convergence theorem. Next, observe that
IGI| < foa| +16] < 1 hence [[(Iy = G)7!|| < (1 — [GI)™" < 1/(1 — oa| — |0]). So,
leoll = O(IVBy]]) = O(1) as. Using Lemma 20, we have

1 ~ cNTv? 1

P( 2y7Sd, | > v) <2exp|-———"T |+ =
VNT I p( T/ <NpN>2> N

1 ~ cNTv? 1

P — |2y7TCP 2 - —

( %NT y v>v>< exp( T >+N

because HS(I)”

< HéH VT ||l = OWT/(Npn)) whp. and HCCIDU = O(VT) as. Also,

- . 2

‘@UTCCI)v’ = O(T) as. Therefore, we have i >, (mTVTyt) = Op(1). Noting that both
y and Z; have finite fourth-order moments, one can show that the rest are also Op(1)
similarly.

Proof [of (2)] Since >, E (512\,’&1\]:]\10 = ]‘\’,—;nTWTVA\/n = 0278, by Lemma 26, we have
(2)-

Therefore, by the three claims made, we have

D, (fu = pll ) = "N (0K 1p12,075,)
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which leads to the desired asymptotic normality. |

Proof [of Theorem 2] It suffices to show that for any Qg in Theorem 2, we have

DI .
%WT(WH - W)Mg,v = OP(1)~

First provided that [|3,]] = 1 as K — oo, we have \/}V—TWT(WH - VAV),U{LI,U = Op(1) by
the statements 10-13. of Lemma 25. Since HQKigl ‘ = HQK (i;l S 2071)
only need to check if ‘ sl — Evle = Op (HEUAH). Since ||2,|| = O(1) and Hflv - EUH =
Op {min; \;(£,) "'} by Lemma 26, we have the first claim.

Next, It is sufficient to show that for any n € R™ such that ||n|| < 1, we have
QX IV NTry = N(0,02nTA,n). Since

, We

Qi SVNT e = 0" Qi (351 = 27) VNTroe + 77 Qi ™ VNT Ty
= Op(1) + n"Qx X, ' Op(1),

we focus on the latter. Define £y, £ (NT)_l/2 nTQKEU_lVAVtLlEt and
th = U(A7 €is, Zi,(sfl);i S N7 —o0 < s S t)

Then, a set of pairs {>.%_; &ns, Ft} constitutes a martingale array for each N,t < T.
Then, we repeat the following arguments (Hall and Heyde, 2014):

(D) 0B (Spirlfey o 5o} Five) = Op(D):

(2) S E ([ Fve) = 0T Au + Os(1).
Proof [of (1)] We only need to show that

1 e 2
S { ==1"Qx S, WS, QKTU) = Op(1).
t (NT

Since both Qi and X, have spectral norm of O(1) as K — oo, this can be shown in the
same manner as in the Proof of (1) of Claim 3 in Theorem 10.
Proof [of (2)] Since

2
410 ~ ~ _ 1 _
> E (i1l Five) = 0T QiE T S WIVS, T Qi = 07T Qie S, B0, Qi
t

and noting that Yy = X, + Op(1) for each K > 0, we have (2) provided that the limit
limg— oo Qr Xy 'QxT exists. [ |
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C.5.2 CONSISTENCY UNDER MISSPECIFICATION OF K
Proof [of Theorem 14] Now let us augment D, as Dy, £ /T diag (IKO,\/N Ip+2) and
augment W in the proof of Theorem 10 as W, £ [\/Nl;p ® VK, ]VAV} € RNTx(Kotp+2)
so that vV NT W+ = W+D+,v. For convenience of notation, let us denote \A/'K; K, by V+.
This representation gives

W—i—/‘g—hv = Wug,v’ v NTD+,U_1M5+,1J = :u-i}{,v'
Define

~ 1 A~ 4
Siw 2 WDV, (10)

)

and rye + = ﬁVAVJTFS . Then, recalling the proof in the previous section,

. Dy~ s 1D, ..
oy = ( 0 WILW+D+,U) 0 g7 (WHME,U +5)

NT VvVNT
. -1 1 . < .
= (E+,vD+,v> WWI_ {(WH - W) Hg,v + W—i—/MIZJr,v + 5}
e IR A _
=D, '8, {WWJTF (WH - W) Py V NTl“we,+} +VNTD. o gy

>7L A )
\/%Wl (W = W) pll, + STV NT Ty

Therefore, we can use similar logic as the proof of Theorem 10.

D-‘r,v (Ia—f—,v - Nf,v) =

Claim C.5.4 ¥, , = %, ,.

Proof Now observe that \A/'L\A/'Jr =1Ig,_x and HVJFH = 1 so by a similar result as item 0
of Lemma 25,

v

ST [IKDK ﬁZt VLth N.Tro0 [IKO—K O(KO_K)x(K+p+2)]
+v — XA] D :
v

This is easy to check as VIFV;K = O(k,—K)xk and for any h € Bo=K  we have ||®,| =

O(1) as. and HlT ®V+" = O(VT) as. so

N 1
(1’1" ® V+h)T I‘\yl/Qy + O <\/ﬁ> as.,

<1T ® V+h)T Fyl/QSf‘ > v] < 2exp (—cNTvz)

1 N T 1
7z 2 (Veb) e = o
1
v [\/NT ’
for example.

~

Claim C.5.5 ﬁW}(WH —W)ull | = ok, 1pr2 + Op(1).
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Proof Now observe that
1 . R 1
— WL (W W) pll = ———
JNT * ( ) e JNT

Then, our additional bias term of interest is

VT (V+h)T (VK - VHD) H,78, = O (, /Nva> whp.

for any h € BXe=K which leads to the conclusion by Lemma 25 provided that Npy = w(T).
Claim C.5.6 Vn € BEetrtl /NTyTr,. , = Op(1).

\/N(lT ®V+

o )T] 17 ® (V:K - VHU) H,75,.

Proof Using the same steps in the third claim in the proof of Theorem 10, we can derive
that V NTI'w€7+ = N(0K0+p+2; 0'224,71)).
Therefore, we have the conclusion. |

Proof [of Theorem 8] Here, we have K, < K. Define a diagonal matrix of convergence

rates
D_, 2 VT diag (Ix,, VN4»)

and a truncated design matrix with \7; x, embedded over the entire time,
Wﬁ A [\/N]-T ® V:Ko |y’ (IT Q £A) y ‘ Z] c RNTX(KOJ’_p—"_Q)‘

Let VAV: i € REFPH2)XNT Janote the augmented version of W_ which contains zeros between
first and second block of W_ above:

W:K £ |:\/N1T X® V;KO |ONT><(K—K0) |y, (IT ® £A)y ‘ Z:| c RNTX(K-HH-Q)'

Partition H, = [H.x,, |Hgk,.x ] and ,uf‘ = (5JH:KO,U,M15U)T € REo+P+2 and ug@ £
(ﬁ/BJH;Kofl}? NT—BU>T' This expression gives v/ NTW_ = VAV_D_,U and VA\);KMIJ’U = VAV_MIJ,L.

A

Y _ . and rye — are defined analogously as the case of over-selection. Then, we can derive
the following in the same way as the previous Theorems:
N H_ i:,lv AT H A H VNTS L
Dy (- pll) = WL (W = Wac) pull, + VNTS re,
Let ¥_, be a version of X, which misses K — K, rows and columns corresponding to
K,+1,..., K-th latent variables.
Next, by Proposition 23 there exists H, € O such that

=0 (1/\/N7pN> whp.

Therefore, there exists H, € Ok g, such that

HVK _ VH,

HVK — VH., .,

< HV:KO - VH;}

+||Ix, — H,"H.x, .|| = O(1) whp.

by Theorem 7.
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Claim C.5.7 ¥, =%_,.
Proof Now we only need to show the following:

L P (A 0T, (Vi v — (VEL, ) 00

> ’U) <e v L 1/N

2. B [ﬁ ’th 2 {V:TKOKAYt —(VHk, )" ﬁAch} > ’U} < e—dav® 1/N

3. P (o | TV Zoho| > 0) S e 4 1/N

where dy £ ¢oNT for fixed ¢; > 0. These can be easily shown by a similar proof to 1-3 of
Lemma 25. Also, we have

1 1
N,ljl“goo 7\/N (VH.KO,U) Puv OK,, N,ljl}iloo \/N (VH,KO,U) ﬁA(,OU oK,

If K, =0, then we have the reduced asymptotic covariance as X_,,.

Next, we analyze the entry-wise asymptotic orders of ﬁWI(WH - W. K) ,u{g’v. First

note that H:KO,vH:KO,vT + HKO:K,UHKO:K,vT =1Ix as H, € O and
WH - W:K = \/N]-T & [VH:KO,U - V:KO ’VHKD:K,U | ONX(p+2)]

Then, ﬁWi (WH - WK> i, equals

{(VH:KO,’U — V;Ko) H:Ko,vT + VHKO:K,UHKD:K,vT} ,Bv

VIV,

1 T
= NTX:?;;’—)LA (V - V:KOH:KO,UT> Bv-
VNT

vz

1 N
T 2=

Denoting the RHS by q(K,) which depends on K,, we have q(0) = Vg, for K, = 0 as
V:KOH;KO,UT is removed. So, [|[q(0)| = O(1). Otherwise, ||q(K,)|| = O (1) whp. by noting
that

HV - V:KDH:KO,UT

‘ = HV:KO — VH;KO,U

Then, we can easily show the following by similar arguments used in proving 10-13 of
Lemma 25:

L VT (V) a(Ko)

=0 (ﬁ) whp.
2. P A 10 (ve = po)Ta(Ko)| > v] < e

N

~

3. [ Az X0 (ve = 00)T £aq(,)| > ] < emeN?
4P| (20 Zeho) T a(Ko)| > v] < e
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for any v > 0 where hy € BKo*l,hg € BP~!. Now partition \/]{TT VT (WH — WK) ugﬂ,
into three sub-vectors of sizes K,, 2, and p denoted by by, bo, and b3 respectively. These
imply the following:

T T
ba1 = 4| N%TQ(Ko) +0p(1), by = \/;%TﬁAQ(KO) +Op(1),

These give the specified asymptotic orders of the estimation error terms.

Now, using the same steps in the third claim in the proof of Theorem 10, we can derive
that VNTry_ = N (oK, +pt2, 025 4).

Therefore, recalling the rates of D_,, we can summarize as follows:

ﬁ(ﬁ*,v_HTKova) :bl +t17 VNT [aév_g ] _b2+t27

where
T T
hi™b; = —_— hp., hsTby = — hp.
17b1 O(\/NPN>ZUP, 2"bo 0( N>wp7
thtl = O]p(l), hQTtQ = Op(l), h3Tt3 = O]p(l)
for any h; € B~ hy, € B!, hy € BP~ L. [ |

C.5.3 CONCENTRATION INEQUALITIES

In the following lemma, we state each item for N > Ny with a large enough Ny > 0.

Lemma 25 Let h; € BY~! for j; = K, jo = p. Then under the conditions of Theorem
10, there exist Ny, Ty > 0 and vo(No, To) > 0 such that the statements 1.—13. hold for all
v € (0,v9) and N > Ny, T > Tp:

1. P (ﬁ ’th Zt(VTyt — VTQOU)

> U) < emdhiv? | emd® 4 /N

2. IP[ ‘thZt (VTEAyt VTLA%) >u} < et 4 emda® 4 /N
5. P (e [ TVTZhy| > ) S e 4 e /N

4. P [% S {yiTye — Etr(T) — 0,7, }| > U] S emdv? 4 emdav?

5. P |7 |5 A7 Laye — Etr(LaT) — glLawu}| > v] em®v’ 4 oo

6. P57 [y Zihs| > v) S el emd 4 1/N
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7. P R7 | Ay Laye — Etr(LAT) — ¢, L }| > 0] S e’ 4 emdat?

5. F (NL 20 yiTLaZih| > U) < e dav? 4 9-dsv® 4 /N

2

9. P [% lhs™Y, (Z:Z; — 3.) ho| > U} < et
10,2 [V ¥ (V- V) 58 ] < &
11 P[ﬁ 2yt (V V) H]j3,| > v} SemNonv? 4 L
# T T < —CN2pNv2 l
Jg‘PmZt}’tﬁAV VH5v>UN +L
1 T 4 R ¥ T < —CN2,DN’U2 1
13th2 S Z,T(V-V)HIB,| >v| Se +1
where dy = ¢ N?pNT, dy = caNT, d3 = c3N*T, and dy = % and ¢,c1,...,c4,0 >0 are
constants.

Proof [of 1] Note that

byt (vat _ {n%> =17 (17 ® A)TTyY2%5 + hyT (1T ® V)T r,'/?y

M=

o+
Il

1
T(Auh1)T g, = (Chy)T5 + (Chy) 'y + T (Avh) o,

where C 2 T,'/2 (17 ® A,) and C 2 T,1/2 (lT ®V>. Since ||[Chy|| = O (’/NLpN) whp.,

by Lemma 20 we have
P (\(Chl)Tﬂ > \/NT’U> < 2exp <_

Likewise, since HCH = O(VT) as. , by Lemma 20 we have P (‘(Chl)Ty
2exp(—coNT?v?/T). Finally, |T (Ayh1)T @] = O(T/v/Npn) whyp., i.e

) <

P ()T 0] > ) < N

C
VNpN

for all large enough N. By selecting v such that v Nv = w(1//Npy), ie.,v = w(1/\/N2py),
and noting that Npy = w(log4 N), we can reduce v sufficiently small for large enough N.
For any such v, we have

1 C 1
PAUth>U>§P<AUth>><.
(@ e (A ol > <) < 5

This completes the proof. |
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Proof [of 2] First note that
h7y (VTEAYt - VT/JA%) = hT 17 @ {LaA T2y
¢

4hyT {1T ® EAV}T TyY2%5 + T (Ayhy)T Lagy.

Npn
because p (La) < 1 as. hence P (\(Chl)Ty\ > \/NT'U) < 2exp (—eN?pnTv?) + . Since

HCth =0 (\/T) as. , we have P (\ (Ch1>Ty\ > \/NTU) < 2exp (—cNTwv?). The tail
probability of |T (Ayh1)T Lawy,| can be bounded similarly to 1. [ |

For C £ Ty {17 ® (£aA,)} and € 2Ty 2 [17.0 (£aV) ), [|Ch|| = O (/55 ) whp.

Proof [of 3] Let Z 2 [Zo",...,Z7_1T]" and C £ 17 ® A, and C £ 17 ® V. Then, we can
express y , h;TVTZ,h, as tr (ZhahTCT) + tr (Zhghﬂfﬁ). This is equal to

vec (hahyT)T {Ip ® (C + C)T} vec (Z) .

Note that ||I, ® CT|| = O ( NLpN) whp. and HIp ® CTH =0 (\/T) Therefore, by Lemma

20, we have

~ cNTv? 1
P[> hi"VTZhs| > VNTv| < 2exp | ————— | + 2exp (—/NTv?) + —.
[Z L ) Xp( <NpN>‘1> | )y
|
Proof [of 4] First, we have
2
> iy ¢lpn) = [Ty 125 + @ — Tl = §7Ty5 + 2070, 12y
t
Note that [|I'y]|% = M 6,(Iy )% = O(NT) as. By Lemma 22, we have
YIF i=1 y
2
v
P(ly'T'yy — TtrET 2 —cmin ¢ — .
(|y"Tyy rEl| > v) < exp( len{NT,U}>
By Lemma 20,
~ dv?
P (2\(I>$Fy1/2y| > v) < 2exp (— T )
since |Iy'/2® <INyl Ty = O(T
y 7| < Tyl Telps = O(T) as. u

Proof [of 6] We have
3 yiTZhy = (ry1/2y T @U)T Zhy = tr (hzyTFyl/QZ) + tr (ha®,TZ)
t

= vec (yhaT)T (Ip ® Fyl/Q) vec (Z) + vec (Pyho")T (I, ® In7) vec (Z).
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Therefore, since ||I'y|| = O(1) as. , ‘(Ip®Fy1/2) vec (S/hgT)H < |lvec (FhaT)|| which is

concentrated around /NTp (Vershynin, 2018) hence is O(y/NTp) whp. Also, we have
(I, ® In7) vec (®,hoT)|| = O(VT) as. By Lemma 20,

cv? cv? 1
P <2 - 2 - —.
< > U> < 2exp < NTp + 2exp T + N

Therefore, the conclusion follows after letting NTv = w(y/NTp). |

> y:'Zhy
¢

Proof [of 8] The same logic as the proof in 6 applies here. Since ||[La] < 1, we get the
same bound by letting NTv = w(y/NTp). [ |

Proof [of 9] Note that

Z hy7Z,7Z:;hy = tr (ZthQTZT) = vec (ZT)T {INT X (hghQT)} vec (ZT) .
t

Note that E[vec(ZT)vec(ZT)T] = Iny ® X,. Also, by the definition of hs, we have
I InT ® (hghg)H% < NT and |[In7 ® (hohl)|| < 1. Therefore, by Hanson-Wright inequality

(Rudelson and Vershynin, 2013),
< 2ex min Uz
—cmin ¢ —— .
exp |—c N , U

d

Proof [of 10] Note that [|A,||> = O (Nixlw) whp. and HVH = 1. Also, |HTB,|| = O(1). So,

hy™ > Z]Zhy — NThy"S:hy
t

> v

[ VTAHIA < ([0 + 1 A) 18] = O (1/v/Npx) whp.
By letting v = w (, /NLpN) and noting that Npy = w(T'), we have the conclusion. |

Proof [of 11] Similar to the proof of 1., taking C £ T'y'/2 (17 ® A,) which has the spectral

norm of O (,/N—:;N> whp., we have

~ T ~ _1
>y AHIB, = (Ty'2y + @) (1r ® A,) HIB, = yTCHIB, + &,y "2 CHIf,.
t
First noting that ||5,|| = O(1) as K — oo, Lemma 20 gives

P (|yTCH1T]ﬁU| > \/ﬁv) < 2exp (—CNQpN’le) + %

It is straightforward that ‘fvaI‘yféCHgﬁv = O(T'/\/Npn) whp. hence by letting v =
w (, / NQLpN), we obtain the conclusion. |
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Proof [of 12] Let C 2 T'y'/2 {17 ® (LaA,)} which is of O (’/NL/)N) whp. The rest of the

proof coincides with the proof of 11. [ |

Proof [of 13] Note that haT Y, Z,TA,HT 3, = hoTZT (17 ® A,) HI 8, which equals
tr{Zhy8JH, (17 @ Ay)T} = vec (heSTH,)T{L, ® (17 ® A,)"} vec (Z) .

Since the norm of vec (heSTH,)"{I, ® (17 ® A,)"} is of O (, /NLPN) whp., we obtain the
bound after applying Lemma 20.

Lemma 26 Assume that Npy = w (T+log4 N). Then, there exist No,Typ > 0 and
vo(No, To) € (0,1) such that for all v € (0,v9) and N > Ny, T > T,

1 eNTv?
2
<K {N—i-exp(— e )}

Proof Let h € BE*Ptl and e; € SKFPHL be the it* canonical basis of RETPH2 e,
(e;); & Iy (j) for j =1,..., K + p+ 2. By Lemma 25, we have

]P’l sup

he BK+p+1

hT (iv—Ev)h‘ >

nggxP ( e;T (iv — EU> ej’ > U) < % + exp (—61U2NT/p> + exp (—CQUQTN2,[)N> .

Since

sup
he BK+p+1

hT (3, - 3,) h‘ < sup I} max Gyij — 0vi| S K max|Gvij = ovijl

we have

R ce
P sup <P (max |Gv,ij — Ov,ij| > )
he BK+p+1 i,7 K

1 NT N2pNT
< K? {N + exp (_CIIUQK%) + exp (—cz'vz I/{UQV ) }

1 e cNTv? i {N 1}
— X — - .
N P K2 PN7p

hT (z —Zv>h’ >0

< K?

~

Lemma 27 If Npy = w(T + log* N), then we have
VT (VBU - Vﬁv) = N (oK, a2VVT)
as min (N, T) — oo.
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Proof Recall that T (Bv - HvTﬁv) = N (ok,0%Ix) by Theorem 10. By simple algebra,
we have
VT (VB = VB,) = VT (VA, - VH,T8,)
= AVT (B, —H,78,) + VTAH,TB,
+VVT (B, - H,78,). (11)

By assumption, vTA, = O (,/ NLPN) whp. hence we have

PH\/TAUSC T} ] 1

Npn

for some constant C' > 0. Provided that Npy = w(T), this implies vTA, — 0 as. There-
fore, we have (11) = Op(1) + VVT (,@U - HUTﬁv> and the conclusion by Slutsky. [ |

C.6 ENAR with spectral embedding U, = VS'/2 under finite time

Note that under the finite time assumption, we proposed to use spectral embedding U = U,
for ENAR instead of eigenvectors. i.e., U, = VSY/2 and U, = V]S]1/2. Here, we present
theoretical results for the finite-time corollary models specified in section 2.2.1. Recall ENR:

y=oaly+ Ueﬁe + ZPYe +&
and ENAR (with finite T") models:
Vit1 = eyt + 0 LAYt + UeBe + Zy + Epya.

Note that ENR can be treated as a subset model of ENAR. Therefore, we only verify the
asymptotic properties of ENAR with finite 7T'.

C.6.1 CONSISTENCY
As we have U = Uy, |[@c|| = O(||U¢Be||) P* — as. (hence P — as.) Since HVSl/QH =

O(v/Npy), we have ||®.| = OVT ||pe||) = O(VTNpy) as. Though we assume that T is
finite in this section, our proof of the consistency of /i here keeps track of the order of T
Define U, £ U.H,. For convenience, we denote 1 + Klog N by me in this section so that

VNpN
A £ Hﬂ'e —U.|| = O (n.) whp. if Npy = w (10g4 N) by Proposition 23.

Proof [of Theorem 4] Here, the formulation is very similar to the case of ENAR with
eigenvectors. First, let

Wr{i = [fje ‘ ¥, EAyt | Zt} ) ug,e = (m/geTHw Ce, 067 erT)T )
w, £ LU |y, LAYt | Zy Wi & ij | yt, LAyt | Zy
N ’ ' Vo
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and W, £ [ﬁﬂe\yt,ﬁAyt\Zt] Denote D, £ VNT diag(\/pnIKk,Ip+2). Under this

representation, we have WD, = VNTW,, v NTDeflpg’e = pk, and WHp ! = Wﬂuﬂe.
Collect and bind them row-wise for ¢t = 0,...,7 — 1 to obtain NT x (K + p + 2) matrices
WH WH  and define W analogously. For 3, £ ﬁWTW and ry. = ﬁWTé’ , we have

e = (WTW) W (Wl 1 €)

_ ( D. WTWDe)_l De_\ir (WH pl 4 5)

NT VNT
- (s0.)" ﬂlwvw [(WH W) ull, +Wpll, + €}

~ 1 ~ ~
=D, 15! {\/WWT (WH - W) pl o+ \/NTrwe} +VNTD, ',

yol
vVNT

Therefore, we next show that the first term on the RHS is negligible and v NT ﬁe_lrwe
is converging to a multivariate normal distribution. We start with claiming that 3. is
converging to a matrix with finite entries as IV and T tend to infinity. This will allow us to

focus on the behaviors of ﬁVA\/T (WH — W),ug’e and vV NTry., and then apply Slutsky’s
Theorem.

D (fie = pll) = W (WH = W) ull, + VNTS re.

Claim C.6.1 3. converges to X, in probability, i.e., S = B

Proof As consequences of Lemma 29, we have

1 1& 1 7 1 7 1 ¥
piN’S‘ mUlyt \/ﬁUgﬁAYt ngzt

S, = 1 yi'yt YiTLAY: yi'Zy
NT 5 YiTLAY: Vi LAZ,
7,7,
ﬁs N\}WUE% Ni\}WUEL’A% Ok xp
N;oo lim %@eTSOe + T %‘PeTﬁA@e + 723 0]1;
N—oo NPT LApe+73 O]
Y.

Note that ||S|| = O(Npy) and ¢ = O(v/Npn) as. Existence of 79,793, and 73 come by
dominated convergence theorem after noting that tr (CoI') < ||[La|ltr (I') = O (N) as. and
tr (L4T) = O(N) as. Also from the assumptions and the proof of Lemma 28, we have

1 -~ 1
hi{TUTlp, = O(4/ ,
1 1 1
N@OGT@e = O(pN), N‘PeT['A(Pe = O(,ON), NQOET'C?ASOG = O(pN) as.

thﬁlﬁA(Pe = O(\/ﬁ)?

for all hy € BX~1. So, we obtain the asymptotic precision matrix.

The following claim clearly shows that the parameter estimation errors, except for 4,
are not guaranteed to be finite if T — oo.
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: K+p+l _ 1 An) (WH W) H —
Claim C.6.2 For any h € B® ™", —~ (Wh) (W — W) e = O (1) whp.
Proof Since W is different from WH by latent variables only, we have

T
NPNU

1 ~ N Doyt
—WT (WH W) pl = {NT t AHTS,.
VvVNT ( ),u ’ WZthTﬁA

T i L
b1
W (WH = W) i, = |by
b
where by € RE by € R% by € RP are such that xTb; = O (v/7.T) whp., yTby =
O (V7eTpN) whp., and zTbg = O(\/7./N) whp. for any x € BE~1y € Btz € Br~L.
Noting that m. = O(1), we get the conclusion.
Claim C.6.3 VNTrye = N(0k1pr2,025).

Proof It is sufficient to show that for any n € BEX+P+! we have vV NT1Tr e = N (0, 0%0T8.n).
Denoting &ny 2 (NT) 2T WI & and Fyy = o(A, €is,Zi (s 1);i < N,—00 < 5 < ),
{3t €ns, Fnt} constitutes a martingale array for each N,¢t < T. Then, we can apply
Corollary 3.1 of Hall and Heyde (2014) to vV NTTry = >, & N,t+1 by checking the follow-
ing two conditions, (1) and (2).

(1) 2, E (&2\/,7:+11{\5N,t+1y>v}!}"Nt) = Op(1).

(2) S E ([ Fve) = n702Sen + Os(1).
Proof [of (1)] First, we have

1
Then, by the statements 10-13 of Lemma 28, we have INT

T-1

> E (6]2V,t+11{’§]\,1t+1|>v}|]:Nt> <v?) E (fﬁlv,m!th) :
t=0 t

One can easily verify that
2
E (halFw) S ot (pn WD)
aa 2
So, we only need to show that >_, (ﬁnTWtTWm) = Op(1). First note that

(NT) " "WIW,

N?leS NTi/pT\,UEYt NTFU LAYt NT\/—U Z;

- ﬁYtTYt NTYt TLAY: NTYt TZ;
YT LAY: Y LAZ

1 717

NT “t“t

Since similar arguments can be used to show the convergence of each entry, take

2
1 A .
= — TUT T
Z (NT\ﬁ EYt> N2T2py ;771 Ulyey:"Uemn
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for example, where 17, € BX~1. Then, we have
> mTUlyy: " Uem = y7 {IT ® (ﬂenmﬂﬁl) } y
t
First, we have

1,12 {IT ® (f}emmTfJ‘g) } Iy!/2y =37 {IT ® (Fl/QﬂemmTﬂlFW) } y-

Letting r 21,9 (Flﬂﬁemnﬂﬂgflﬁ), we have Hf‘H; = Ttr{(ﬂenmﬂfjgff} <
T [Oenny 07| 10 (12) = O (VT - N2pn?) whp. amd |[F| = 02007012 <
‘ U = O(Npy) whp. By Lemma 22,

P[W‘y T'y — E( TFy)’>U}

) 2N4T4pN ’UN2T2pN
< 2exp {—cmm ( NoTon? ° Nopw +1/N.

Note that E (nyy) =TEtr (fJemmTleI‘) and
T tr (ﬂenmﬂﬂlf) <T Hﬁemnﬂﬂg” tr (T)

hence is O (N2Tpy) whp. Therefore, = NQT < 00 = O(1) whp. hence §7Ty = Op(N2T2?py).

So we have E (nyy) =0 (N?T?px) by dominated convergence theorem. Also,
2

O(N2Tpn?) whp. Therefore, we have N2T2 o (anUlyt> = Op(1). Noting that both y

and Z; have finite fourth-order moments, one can show that the rest are also Op(1) similarly.

Proof [of (2)] Since >, E (512V,t+1|]:Nt) = ]ﬁ’[—ZTnTWTWn = 02TSen, by Lemma 29, we have

(2).

Therefore, by the three claims, we have the desired asymptotic normality after dividing

D, (jie = put!) by VT. =

Proof [of Theorem 5] We can follow the steps in the proof of Theorem 4. Since Npy =

w(log? N), we have m, = C + 0(1@\,) for some constant C' > 0. Therefore, by N =

w(K?log K) we have N = w () and log K — N/K? — —0c0 hence ¥, = ¥, by Lemma 28
and Lemma 29. Note that an additional order of log K is required on N = w(K?) because

T is assumed to be finite. Check that QxD. (/le - ,uf) = Q\’;i WrT (WH W) u{je +

VNTQgY:'rye and || Qx| = O(1). For convenience, write d £ WWT (WH - W) il ..
Since
ld ‘ ’

Jawsita] = i (5151 + s
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we check if HQK (f]gl - Ze_l) d
that Higl — Ze—lﬂ — Op

H = Op (HQKZe_ldH). It suffices to check if it is satisfied
( ‘Ee_lH). First, check that

sup
heSK+p+1

hT (f)e - Ee) h‘ < sup

heBK+p+1

hT (3 - %) h|
hence by Lemma 29, we confirm that this is true as

Hie_l - Ze_lH S SK4pt2 (2e>—1 Hﬁ:e — Se|| Sk4pr2(De) ! = sxapra(Ze) T Op(1).

Therefore, it suffices to check the order of QxX. 'd. First, since N = w(K?log K), we
have 7. = C + o (%) Therefore from Claim C.6.2, we have xTQx X, 'd = O (1) whp.

for any x € B™ ! as ||A4]| = O (lcz/g%().
Next, it is sufficient to show that for any n € B™~!, we have nTQ Kf]e_l NTrye =

N(0,0°nTA.n). Since

nTQKie_l NTrye = nTQK (ie_l - 26_1) VINTrye + UTQKEe_l VNTTy.
= Op(1) +7"QrSe ™ Op(1),

we focus on the latter. Define &y £ (NT)_I/2 nTQKZe*IVAVg_l& and a filtration Fy; =
o(A, €is,Zi(s—1);1 < N,—00 < s < t). Then, a set of pairs {301 &ns, Fve} constitutes a
martingale array for each N,¢ < T. Then, we repeat the following arguments (Hall and
Heyde, 2014):

(D) 0B (i lfey 5o} Five) = Op(D):
Proof We only need to show that

1 R R 2
) nTQKzelvvJWtzelQKTn) — Op(1).
t (NT

Since both Qg and X, have spectral norm of O(1) as K — oo, this can be shown in the
same manner as in the proof of (1) of the third claim in proving Theorem 4.

(2) S5 E (a1 Fve) = 0207 Acy + Os(1).
Proof This can be shown by the arguments in the proof of (2) of the third claim in proving
Theorem 4.

This completes the proof of Theorem 5. |

C.6.2 CONSISTENCY UNDER MISSPECIFICATION OF K

Proof [of Theorem 15] Now let us augment D, as Dy . = v/ NT diag (\/pn1k,,Ip+2) and

augment W in the proof of Theorem 4 as W, £ {ﬁlT ® IAJK;Kme | VAV} € RNTx(Kotp+2)

A T
so that VNTW, = W,.D, .. Also, we write uﬁe = (OKO_KT,,ufT) and ,ui,{sH =
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T . .. . .
(0 Ko—KT, ug;) . To avoid complications, we denote Ug.x, . by Uy .. This representation
gives V\/Jr,ufise+ = W,u{,ie and \/NTDJﬁe_lugyseJr = uie. Define

VI, (12)

and Ty 4+ = ﬁWLS’ . Then, recalling the proof in the previous section,

)
NT

WL (WH, + )

iJr,eDJr,e <ﬂ+,e - Mf,e) = \/Jl\fiT

Therefore, we can use similar logic as the proof of Theorem 4.

Claim C.6.4 ¥, .= % ,.

WJTF (WH - W) uﬁe + \/ﬁrw67+.

Proof Now for IALﬁe = VK;KO|§K;KO|1/2, observe that IjTJr,efLr,e = \gK;KO| which is a

diagonal matrix containing K + 1, ..., K,-th leading eigenvalues of A. Also, by Weyl’s
inequality and Sk.x, = (0),

Sk:uk,|| = ’SKK - SK:KUH <[[A —=P|| = O(V/Npn) whp.
. N 1/2
hence HU+,6 = [|Sk:Kk, / = O(v/Npn) whp. so by a similar result as item 0 of Lemma

)

1 a 1 - N
ST lM|SK:KO| NT\/WXXA]:t U+,6Wt] Nopoo [OKDK (20)]

which is easy to check as IAJL,EIAJ;K,6 = O(g,-K)xkx and for any h € BEo=K ' we have
|®c|l = O(V/TNpn) as. and HIT @ Uy | = O(YT?Npy) whp. so

1 ~ 1 ~ T - PN
———hT ! =——hT(1 U,.) I,? <4> hp.
NT\/pN ;U”‘” NT\/pn (1re0.) 15+ 0 ({157 ) whn-

< 2exp (—CNT\/NpNU2>

(1r@ U .) 1y 25| > 0

1
P|{————— |hT
[N T\/pN ‘
for example.

Claim C.6.5 For any h; € Bfo=K-1 h, ¢ BK-1 hy € B!, hy € BP 1,
VKT
O (AL whe.
diag (hy, ..., hy)T WIWH — Wyutl = | O (VET) whp.
VNT O (VETpw) whp.
Op(1)
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Proof Now observe that
1
VvVNT

Then, our additional bias term of interest is

1

WI (WH = W) pull, = _\/leT [m (1TW % mve)T] 179 (U, — VSY2H,) H.T6..

NTpN (O1h)" (Ui — VSY2H,) HT5, = O ( KQT?) whp.

for any h € BXo=K=1 which leads to the conclusion by the observation made in the proof
of the second claim in proving Theorem 4.

Claim C.6.6 VNTrye+ = N(0k,+p+2,0°S4e).

Proof This is trivial from the third claim in the proof of Theorem 4.
Therefore, we have the conclusion. |

Proof [of Theorem 9] Note that K, < K. Similarly to the proof of Theorem 8, deinfe a
diagonal matrix of convergence rates D_ . £ ' NT diag (\/pnIk,,I,1+2) and a truncated
design matrix with ﬂ:Ko,e embedded over the entire time,

~ 1 N
W_ £ [1T Uk, |y, Ir @ La)y|Z| € RNT*Eotpt2),

NS

Let VAV: K € RE+P+2)XNT denote the augmented version of W_ which contains zeros between
first and second block of W_ above:

e RNTX(K+p+2)

~ 1 N
Wi = [1T @ Uik,e IONTx(k—K) | Y (X1 @ LA) Y| Z

VPN
Partition He = [H.x, o |Hg, x| and define p¢~ 2 (ﬁeTH;KO,e,MT_ﬁ e) € REo*P+2 and

Mi,{; £ (1 /ONBeTH.kc, e, MT_/&e)T. This expression gives vV NTW_ = W_D_,e and W:KM{_UI,e =

W_ uﬁ,{;. Y _ ¢ and ry, — are defined analogously as the case of over-selection. Then, we can

derive the following in the same way as the previous Theorems:

T

s . .
D (fc—pll) = \/TLTWI (W = W) pull o + VNTS e
Let ¥_ . be a version of ¥, which misses K — K, rows and columns corresponding to
K,+1,..., K-th latent variables.
Next, by Proposition 23 there exists H, € Ok such that

|U.xce - vSY2H,

=0 (1) whp.
Therefore, there exists H.x, . € Ok k, such that

“ﬂ:KO,e ~VSY2H., || <|[U.k, e — VSY?Hog, o ||+ |1k, — Hii, . TH., o|| = O(V/Npn) whp.

by Theorem 7.
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Claim C.6.7 For any h € BKe+p+1l [T (i_,e _ 2_,6) h = Op(1).
Proof Now we only need to show the following:

1P (57 [T Ok, ye — (VS2Hk, o) o}

> v) < e dov? 4 1/N

2 ¥ [ﬁ\/ﬁ ‘th 2 {ﬂ:TKo,eﬁAYt - (VSI/QH:KO,e)T EA%} > U] < e v L 1/N

3. P (wrime [So 0N, Ziho| > v) S e VTV 4 1/N

where dg £ cy/pn for a constant ¢g > 0 and v = w (v/pn). These can be easily shown by a
similar proof to 1-3 of Lemma 28. Also, we have N\}pTv (VSl/2H:K07€h1)T ve = O(\/pN) as.

and N\}pTv (VSl/2H;K076h1>T LAape =0 (\/ﬁ) Therefore, according to the same argument
as Lemma 29, due to 1-2, we no longer obtain convergence in probability but boundedness
in probability. If K, = 0, then we have the reduced asymptotic covariance as >_,.

Next, we analyze the entry-wise asymptotic orders of \/leiTWI (wH — W. K)m’j’e. First

note that H.rr, H., o7 + Hr .k e Hi,: " = Ix as H, € Ok and

WH - W:K - 1Ir® [VSI/QH:KO,e - IAj:Ko,e | VSl/2HKO:K,e ‘ ON><(p+2)} .

PN

Then, —~A=WT (WH - W, K) ,ui,{e equals
—— > W {(VSY?Ho, o — Uk, o) Hurg, " + VS 2B i Hig T Be
t

o

\/]F?UTKO,e

1 T .

| T (VSR U H,T) B
TN 2 YiTLa

T i LT
Denoting the RHS by q(K,) which depends on K,, we have q(0) = VS!/25, for K, =0 as
U:Ko,eH:Ko,eT is removed. So, ”q(KO)H = O(\/W) whp. by noting that

Hvsl/2 — Uk, Hu, ol

- HfjiKme ~VS'Hy,

Then, we can easily show the following by similar arguments used in proving 10-13 of
Lemma 28:

1/ |(Ui, ehi)) " a(Ko)| = O (VTNpw) whp.

2. ﬁ > yiTa(Ky)| =0 (\/NpN) whp.

3. A= [SeyiLaa(K,)| = O (VNpx) whp.
4P [ A (2, Zuho)T a(K)| > v] < emev/ow
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for any v > 0 where hy € BKo*l,hg € Br~!. Now partition \/]{TT VT (WH — WK) ugje
into three sub-vectors of sizes K,, 2, and p denoted by b, bo, and b3 respectively. These
give the specified asymptotic orders of the estimation error terms.

Now, using the same steps in the third claim in the proof of Theorem 4 and recalling
Claim C.6.7, we have \/]1V7T ‘W_nH = Op(1) for any n € BXotP+1l So, we can derive that

VNTNTr e - = Op(1) as for any € > 0 we have No, Ty > 0 such that if N > Ny, T > Tp, by
Lemma 21:

P (\/]1\77 ‘(W_U)Té" > U) < 2exp (—cvz) +e

for each v > 0. Therefore, recalling the rates of D_ ., we can summarize as follows:

VNpn (B—,e - H:Ko,eT/Be) =b;+t;, VN [O;;:: : gj = by + to,
VN (J—e —7Ye) = bs + t3
where
h;b; = O (\/NTN) whp., ThyTby = O (\/NpN) whp., hyThy = Op (\/pN)
hy Tty = Op(1), haTts = Op(1), hyTts = Op(1)

for any hy € Bfo~1 h, € B!, hy € BP~ L. [ ]

C.6.3 CONCENTRATION INEQUALITIES

This section lists analogous results to the results in the Lemma 25 for the case of ENAR
with spectral embedding. Although we keep track of T here, we assume that T is finite
when applying the following Lemma.

Lemma 28 Leth; € RJi for j; = K, jo = p be real vectors such that |h;|| < 1. Then under
the conditions of Theorem 4, there exist Nog > 0 and vo(No) > 0 such that the statements
0-13 hold for all v € (0,v9) and N > Ny:

0. P (ke b7 (18] = ) bu| > v) <1/N

1. P (7l a7 So(O7ye - Ule)

> U) < e dov' 4 1/N

2. P e 75 (UrLay: — UlLag:)

>U]<6 dov® 4 1/N

>
=

(
[

3. P (NTF ’Zt thﬂthhg‘ > U) ,S e—dovz n 1/N
[NL Yo lyeTy: —Etr (I) — @eToe}| > U] S e—dov? | o—div?
[r

5. Py IS vt Lay: — Etr (CaT) — T Lage}| > U} S emdov? 4 gmdiv?
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NL 1>ty Ziha| > U) < p—dav? 4 p—div? | 1/N
N7 S (T LAye — Btr (LA1) = g T Lh e} > v] S emdor? 4 emi?

(
[

8. P (% IS, yiTLaZiho| > U) < eV’ o emdi? /N
[

9. Pl y7 o™ X, (Z:7Z; — 3.) hy| > ’U:| < e—dov?
10. L= [T (0. - U.) HIB.| = O(/T7.) why.
1 7 [SoviT (Ue = U HIB| = O (VaTow) whp,

= O (VmTpn) whp.

19. P [ A b7 50, 2,7 (0. - 0. ) HIB,

12. |52, yirLa (0. - 0. ) HIB,

> U} <e BV 4 1/N

where dy £ coNT, di £ CIPIIVVT, dy 2 C2pNT, and ds = SN

Proof [of 0]

- SH = O(log N) whp. by inhomogeneous Erdés—Rényi model sin-
gular value perturbation bounds Cape et al. (2017) and Npy = w (log4 N). Therefore,

P (Nle b7 (18] - 8) | > v) < ]P’(‘hﬂ (181 - 8) by > C;OENN) <1/N

for some constant C' > 0 and any v > %. So we have the desired bound for large
enough N. |

Proof [of 1] Note that
ET: " (Oly: = Ule) = {(1r @ Uc) b } Ty Y25 + 7 (Achn) T
t=1
= (Shl)T ¥+ T (Achi)T o
where S £ T,1/2 <1T ® Ije) Since HShIH = O (vVTNpn) whp., by Lemma 20 we have

p* (‘ (Shl)Ty‘ > NT\/pyv) < 2exp <W> +1/N.

Since the RHS does not depend on A, we can replace P* with P. Next, since || =
O(v/Npn) P* — as. (hence is P — as.), [(Ach1)T pe| = O(V7eNpn) whp., ie., we have

%\/ﬁ |(Achy)T | = O (\/we/N) whp. We can obtain the desired bound using the same
logic as 0, provided that N = w(m). [ |
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Proof [of 2]
A~ ~ A~ T _
by (UlLay: — UlLage) =™ {1r @ (£aU. )} Ty25 + T (Achy)T Lage
t
= hyTSTy + T (Ach1)T Lae,

For S 2 Fy1/2{1T® (CAﬂe>}, we have thlH = O(VT'Npn) whp. because p(LA) =
O(1) as. The tail probability of |T' (A¢hy)T LA @e| can be bounded similarly to 1. [ |

Proof [of 3| Let Z = [ZT, ..., Z7_17]" and S 2 1,9U.. Then, we can express » , thIngthQ
as tr (ZhgthST). This is equal to vec (hohyT)T (Ip ® QT) vec (Z) and note that HI” ® STH =
O (VTNpy) whp. Therefore, by Lemma 20, we have

R N2T2 2
P ZthUEZthQ > NT.\/pnv| < 2exp _&r 2 PNY +1/N.
t TNpN
|
Proof [of 4] Now we observe that
Z (yi'ye —plpe) = yTIyy + 2@2I’y1/25/.
t
Note that ||Fy||2F = O(NT) as. By Lemma 22, we have
’U2
P(|y"T'yy — TtrEl'| > v) < 2exp | —cmin ~T V(]
By Lemma 20,
/02
T, /2% __ev
P (2/®]Ty /%3] > v) < 2exp ( TNW)
2
since HFyl/QCDE < |ITy|| Tplpe = O(TNpn) as. [ |

Proof [of 6] We have
T — 1/25 T _ ST, 1/2 T
> viTZihy = (Ty12%5 + @) Zhy = tr (hoy Ty '/2Z) + tr (hy @, 2)
¢
= vec (yhyT)T (Ip ® Fyl/Q) vec (Z) + vec (Pche™)T (I, @ In7) vec (Z) .

Therefore, since [Iy| = O(1) as. , [ (T, @ [y'/?) vee (yhgT)H < |Jvec (7hseT)| which is
concentrated around /NTp (Vershynin, 2018) hence is O(v/NTp) whp. Also, we have

I|(I, ® InT) vec (PchoT)|| = O(\/TNpn) as.
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By Lemma 20,
]P (

Proof [of 10] Noting that |[HIB.|| = O(1), we have ‘thﬂlAeHg,Be = O (VmeNpn) whp.
which implies v/T/(Npn) [hiTUJAHIB, | = O (vT7.) whp. m

> viTZihy
t

Sul| <2 ") g ' )1
v ex — €ex — —.
= =P TNTY PUTTNoy ) TN

Proof [of 11] Similarly to the proof of 1., taking S 2 T'y*/? (17 ® A.) which has the spectral
norm of O (\/ KT) whp., we have

> yiTASe = (Iy' 25+ .)' (17 @ A) HIf, = 5TSHIB, + @77, ~2SHG..
t

It is straightforward by noting that ||| = O(1) as K — oo,

1 N
oT T < _ 2
P(\/ﬁ‘y SHI 3. >v> Nexp( cNv /K)—I—l/N
and ®.Ty, ~2SHI S, = O (T\/7.Npy) whp. m

Proof [of 13] Note that haT Y, Z,TA.HI S, = hoTZT (17 ® A.) HI B, which equals
tr {ZhySTH, (11 ® Ac)T} = vec (hoSTH, )T {I, ® (11 @ A¢)T}vec (Z) .

Since the norm of \/11\17 vec (heSTH,)T{I, ® (17 ® A)T} is of O <\/776/N) whp., we obtain

the bound provided that v = w (\/WG/N) and N = w(m). [ ]

Lemma 29 There exist Ny, Ty > 0 and vo(No, To) € (0,1) such that for all v € (0,v9) and

N > Ny, T > Ty,
1 eNTv?
2
<K {N + exp <_2p>}

Proof Let h € BE*Ptl and e; € SKFPHL be the it* canonical basis of RETPH2 e,
(e;); & Iiy(j) for j=1,..., K +p+2. By 0-9 of Lemma 28, we have

P

sup hT (ie — Ee> h’ > v

heBK+p+1

HZ;%XIP’ ( e;T (f]e — Ee) ej’ > U) < % + exp (—61U2NT/p) .
Since
sup |hT (i)e — Ee) h‘ S Kmax |Geij — Oeijl 5
heBK+pt1 i
we have the conclusion. |
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Appendix D. Over-selection of K by K

This is the main theorem related to not-under-selection guarantee with the general infor-
mation criteria.

Theorem 30 Assume that K < Jy and T = w (log K). Let pyr be a penalty such that
pnT(JN) =0(1) as N,T — oo. Then, we have

Pl gt {£>x}| -

Remark 31 (Practical guidance on model selection) It is well known that Npy = w (log2 N)

guarantees ||Al| — ||P| . as. (see Proposition A.2 of Tang et al., 2017 for example) where
Pl = O(Npn). Then, with an additional condition on K as K = o(Npn), we can
choose Jn such that Jy = O (||All) and pnT(k) = NLJFT for the search of K, for example.

A second choice of penalty that may be more appropriate for larger T is pyr(k) = Nk—jT

With this penalty, when T = w(N), we may choose Jy = /N, while for T = o(N) we may
choose any Jy = o(v/N).

Proof [of Theorem 30] Let p; 7 be a penalty function that can vary over [ € {v,e}. First,
we see that K < K implies Cr;(k) < Cry(K') for some k < K and all ¥’ € {K, ..., Jy}, ie.,

{k<r}c ﬂ{cm ) < Cry(k))}

k<K k'=

SO

P (K < k) <Y PNwsk {Cri(k) < Cri(K)}] < Kl&&;{( inaXP [Cri(k) < Cri(K)].
k<K

Note that for any £ such that 0 < k < K we have

max P [{C’l“l < C?“l(k/)}] = max P |:Ty ( (k) ﬁl(k)) Yy S pl,NT(k,) — pl,NT(k)

WSK > K
<P T (ﬂ( ) fl( )> y <pnt(JIN) —pinT(K)|
max P [ ( ) y < pnr(JIN) — pinr (k)
M1
<P T}’T (HZ(K) - l(K 1)) y <pint(JIN) — pi,nr(0)

by the fact that fll(l) = ﬁl(j) for any ¢ > j. Let us denote fIl(K) — fIl(Kfl) by fIA,l.
yT (f[l(K) — ﬁl(K_l)) y can be decomposed as

yTﬁAJy = yTFyl/QﬁAJFyl/zy + QS’TF 1/2ﬁA lF 1/2‘1)[ + @TF 1/2ﬂA ZF 1/2(I)l
> OTT, Y21 Ty 20 — 2 |37Ty, Y 2T0A Ty /20 .

68



EMBEDDING NETWORK AUTOREGRESSION

Now we realize that for ﬂi:j,l with [ = e, v, fji:j,l T[AJZ-;N = f\i:j,l where f\i;jﬂ, = 1;_; and
Aije = [Sijl. So,

A 1 3 A oTT & A T

Ay = *JT ® (U:K,ZA:K,lU;K,l - U:(Kfl),lA:(Kfl),ZUZ(K_l),l)

1, l=wv
SK(A)a l=e

)\Kl (UK k0%, Kl) A= {

. . o - A
where J7 £ 17177, This is a rank-one matrix. Let v; 2 17@Uk .k so that IIx; = “& vyv].

Note that S\Ke = O(Npn) whp. by Weyl’s inequality and the magnitude of Ag(P). So, on
{S\K,l 2 1} N {‘I)ZTF;HW # 0}, we have

. A
(13 20) sy 2 = S (@070 50) 2 T P s (1)

by variational characterization of singular values. The event {@}F;/ 2vl =+ 0} happens al-
most surely as the distribution of the LHS is continuous. By Proposition 2.2 and 2.3 of
Basu and Michailidis (2015) again, we have

o? o?

W) 2 @ 62

where Mumax(G) = maxg,ecyz=1} (In — G2)" (Iy — Gz). For the last lower bound, we

refer to (i) of the proof of Proposition 2.2 in Basu and Michailidis (2015). Therefore,
2 . ~

syt (I'y) > & as. Next, noting that HFyI/QHAJI‘yl/Q(I)lH < 1% ||ITy]| = O <\/THQO[H) as

we have

P |2

“Tr 1/213 1/2 cv?
Yy Fy HAJI‘y @‘ > U:| < 2eXp —W

for any v > 0. So, denoting p; n7(JN) — pi,n7(0) by Apy N,
KP { (f[l( ) — Z(K_l)) y <TAp NT}
KP {@TF V2000 Ty 28 — TApy N7 <2 ‘yTF e 1N W q’H

< KP [TU*

—cTv?
§TTy Y200, T, 1/2<1>H <2K exp (HCHUQ>
Q1

for v, = %2 llo1]|? = Apy vt provided that there exist large enough N, T such that %2 1|2
Ap; 7. Note that [¢]|* > sK(VTV) > 1 and ||¢]|* < ||U.|* < Npn hence

Uy H ol — ApyNT > piNT(IN)

fleall — ol ™ VNpn
So if py n7(JN) = o(1), then the conclusion follows by Borel-Cantelli Lemma provided that
T =w(log K). [ |
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Appendix E. Additional Simulation and Real Data Results

E.1 More simulations

log(RMSE) of alpha

yt ~ ENAR, A~ DCMMSBM

model -4 enarl -+ enark

enarKCr > nar

log(RMSE) of theta
y: ~ENAR, A ~DCMMSBM

model =4 enarl -+ enarK enarKCr -> nar

50 100 50 100
X o X~ X~ el
5 A A 1.5 . " -
£ X & X M= X [N
REN N . .
xS, B, N X
i,\ x ?FN, X, 2.0 XQ ‘S
34 SIS S N “x w0
QD . %\ ‘X IS N\ " N »
3 X St 2,54 A &
4 SRR »\4;\\ > 3 )
4\ . N ~4 $
X X Lo = 4
SINE > . B & =/
&S SRS 3.0 @
5 % o Y
X3 SO
-3.54 ®
A s s K= =
N x Ny *. o >~x
R, R 204 4 Tox .
S -2.01 4 . <
2 \}‘\ Vil X . N A X
® ® Y 4 X N
\ N
© ©o
3 D, o 2.5 % *®
i\\ \'\X S \
: N B
N S
4 (SN Q% 3.0 % —K
N NN \
& J W=

3.91 461 5.3 5.99 6.68 7.38 3.91 4.61 5.3 5.99 6.68 7.38
logN

3.91 4.61 5.3 599 6.68 7.38 3.91 461 53 599 6.68 7.38
logN

Figure C1: Plot of estimates of § and o from ENAR with U = V and increasing N and
T, for K, € {1,K K }, and NAR model when data is generated from ENAR model with
DCMMSBM.

Selected K's for ENAR with Ufev], Selected K's for ENAR with U[se],

T=20 T=20
- RO 1-
fo- mha .
9- o R
= Py . 9-
8- AR RN
7- : g Ko >=K 8-
° ° Ko >=K
6- FALSE 7-
< x TRUE
5- TRUE
6-
4- R
5-
3-
2- 4-
1- 3-
a2 o2 [ TS Lok [ "2 "o [ Lok
N L A S WP T e e e

Figure C2: Jitter plots of selected K when T' = 20 and N increases when U = V (left) and
U = U, (right).
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E.1.1 DETAILS OF SIMULATION SETUP FOR ENAR MODEL

First, we used the matrix 2¢qIx + qlx1lgT where ¢ = 4% to generate the K x K block
matrix of connection probabilities. As a result, the ratio of inter-community and between-
community connectivity is 3. The maximum expected degree for each graph was set to be
Npy where py £ N~Y2 ensuring that the graphs are sparse. The degree heterogeneity
parameters associated with both DCSBM and DCMMSBM were sampled from a standard
log-normal distribution. For DCMMSBM, the (mixed) block memberships were generated
from a Dirichlet distribution with parameter vector (1,...,1). For DCSBM, the block
memberships were sampled from a categorical distribution with equal probabilities. For
model parametrization, we set the parameters S°"?" associated with the latent effects as

(1, -1/2, ..., (—I)K_1 /K)T € RE. For the latent peer effect measured by the community

structure of CNAR, we used By £ ;5 diag (8°"*) where the definition of B; comes from

Chen et al. (2023). For ENAR, and NAR we set a = 0 = %, and set the covariate effects
as v = (%, —%, O)T for all of considered models. Throughout simulations we generate the

covariates z;; from N (o3,diag (3,2,1)) and & from N (on,0.251y).

E.1.2 MISSPECIFICATION OF K

In Figure C1, we plot the RMSE plots for growing N and 1" with U =V for K, € {1, K, K},
and the NAR model when data is generated from the ENAR model with DCMMSBM.

log(RMSE) of theta log(RMSE) of alpha
yi~NAR, A ~DCMMSBM yi~NAR, A ~DCMMSBM
model enar X nar model enar X nar
40 160 320 40 160 320
2.0 ><\ I
')&A X\.
2.5 e, ~ 4 X, < ENg )
N x_ % L8 N
~ N X, =
3.0 ~ = w s h ~ \ \\ w
N SR \ . %
3.5 %o “%. x X, .
. \ % ~.
S ~ ~
o 6 * N
-4.0 w
A M
2.0
X\ x\'
N .
2.5 = -4 . ES
\x\ ~. N % S
~—_ EN X \
3.0 = . - . R X -
e > —x\ LS N 5 N '\' LN N
3.5 * o . =
) S, S S N
6 .
) I % N
4.0 ~ N
3.914.61 5.3 5.996.687.388.07 3.914.61 5.3 5.996.687.388.07 3.914.61 5.3 5.996.687.388.07 3.914.61 5.3 5996.687.388.07 3.914.61 5.3 5.996.687.388.07 3.914.61 5.3 5.996.687.388.07
logN logN

Figure C3: Plot of estimates of 8 and « from ENAR, and NAR model when data is generated
from NAR model with DCMMSBM.

E.1.3 OVER-SELECTION OF K BY IC

Here we present the simulation results for the over-selection procedure of latent dimension
K introduced in section 5.1. We pose that the network density is Npy = log?® N and
choose the penalty function as pyr(k) = NLJFT We use almost the same simulation setting
we used in section 6, but we only consider the case when A is generated from DCMMSBM.

For the grid of N,T € {20, 40,60, 80,100}, we grow K to be 2, 2, 3, 3, and 4 along each
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of N. We plot the ﬁ SMI (K> for M = 500 replications of Monte Carlo simulations.

When applying the criteria, we consider a grid of k = 0,1,2,...,Jy = H|AH3X/)2W to search
for K. The lowest empirical probability of over-selection was 0.99 for all choices of N, T
and both [ € {v, se}, suggesting an almost sure over-selection. The jitter plots of selected
K in figure C2 clearly show their concentration around values greater than K.

E.1.4 GENERATING DATA FROM NAR WITH GROWING N, T

The figure C3 displays the plots of estimates of § and « parameters with growing N and
T when the data is generated from the NAR model. The simulation setup and the figure
have been described in the main text.
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