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Abstract

This paper introduces a simple and tractable sieve estimation of semi-
parametric conditional factor models with latent factors. We establish large-
N-asymptotic properties of the estimators and test statistics without requir-
ing large T. We also develop a simple bootstrap procedure for conducting
inference about the conditional pricing errors as well as the shapes of the fac-
tor loading functions. These results enable us to estimate conditional factor
structure of a large set of individual assets by utilizing arbitrary nonlinear
functions of a number of characteristics without the need to pre-specify the
factors, while allowing us to disentangle the characteristics’ role in captur-
ing factor betas from alphas (i.e., undiversifiable risk from mispricing). We
apply these methods to the cross-section of individual U.S. stock returns
and find strong evidence of large nonzero pricing errors that combine to

produce arbitrage portfolios with Sharpe ratios above 3.
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1 Introduction

We consider the following semiparametric factor model
Yit = a(zit) +/6(Zit)/ft +€it7i = 17‘ . '7N7t = 17 s aT7 (1)

where f; is a K x 1 vector of unobserved factors, 3(-) is a K x 1 vector of un-
known factor loading functions, «(-) is an unknown intercept function, €; is the
idiosyncratic component that cannot be explained by the common component,
and y; and zz—an M x 1 vector of covariates—are observed. Our main focus
is on cross-sectional asset pricing, where y;; are asset return realizations while
zyy are pre-specified asset characteristics (i.e. they are known at the beginning
of period t).! In this case (1) describes a conditional factor model, in the sense
that it captures time-variation in asset return exposures to the common factors
(i.e., B(zi)) as well as the pricing errors (i.e., a(z;)), which are both functions of
characteristics (i.e., z;z). As emphasized by Cochrane (2011), this model is central
to empirical asset pricing, since it potentially allows for distinguishing between
“risk” and “mispricing” explanations of the role of characteristics in predicting
asset returns.? Pooling the information in a multitude of stock characteristics
and summarizing the common variation using a small number of factors would
amount to “taming the zoo” of factors that proliferate in empirical asset pricing.
The challenge to doing so is threefold: first, the identities of the common factors
f+ are unknown since the factors are latent; second, the functional forms of the
alpha and beta functions are also generally unknown; finally, the cross-sectional
dimension N is typically much larger than the sample time-series length 7', which
renders standard tools of factor analysis inapplicable, especially when conditional

covariances are time-varying.

We introduce a simple and tractable estimation method to recover both the la-

1Other potential applications include modelling the implied volatility of options (Park et al.,
2009) and describing consumer demand system (Lewbel, 1991), among others.

2While useful, it might not be sufficient to resolve the debate, since distinguishing between the
different explanations requires understanding the economic nature of the latent factors - e.g.,
see Kozak et al. (2018).



tent factors and the functional parameters of the model, as well as develop formal
inference procedures. First, we develop an easy-to-compute estimator for a(-),
B(-) and f; based on a sieve approximation to the nonparametric functions «a(-)
and 3(-). The estimators can be easily obtained by first running the regression
of y;; on sieves of z; for each t and then applying principal component analysis
(PCA) to the estimated coefficient matrix. Throughout the paper, we refer to
the two-step procedure as the regressed-PCA. The first step of our procedure is a
cross-sectional regression (Fama and MacBeth, 1973). Thus, in asset pricing set-
tings the regressed-PCA boils down to applying PCA to a relatively small set of
characteristic-managed portfolios constructed via the Fama-MacBeth regressions.
Second, we establish large sample properties of the estimators including consis-
tency, rate of convergence, and asymptotic normality under mild conditions. In
particular, we establish a strong approximation for the distribution of the esti-
mator of the large dimensional coefficient matrix in the sieve approximation of
a(-) and 5(-). These asymptotic results have several attractive properties: (i)
they do not require large T'; (ii) they allow z; to vary over time in a potentially
non-stationary manner; (iii) they are applicable to unbalanced panels (which is
useful since individual securities have varying life spans). Third, we provide two
consistent estimators for the number of factors K, which are also easy to compute.
This enables us to conduct the regressed-PCA without specifying the number of

factors a priori.

In asset pricing, testing the restriction that a(-) is equal to zero for a given set
of factors f; is central for evaluating and comparing factor models. We show that
linear specifications of «(+) and 3(-) that are widely used in existing literature may
adversely influence estimation of f; when the true underlying functional relation-
ships are nonlinear. Therefore, along with the flexible nonparametric estimators
we provide specification tests for the shape of «(-) and §(+) functions. We develop
a simple bootstrap inference procedure for testing significance of pricing error «(+)
as well as for linearity of a(+) and §(+). First, we propose a weighted bootstrap pro-
cedure to approximate the distribution of the estimator of the large-dimensional
coefficient matrix in the sieve approximation of «(-) and 5(-) as well as construct

a Wald-type test for examining the significance of a(-). The main challenge to



developing a valid bootstrap is that the asymptotic distribution usually involves
a rotational transformation matrix, which could be different under the bootstrap
distribution, invalidating the procedure. In order to solve this problem we enforce
the same factor estimator in the bootstrap samples as in the actual data. Sec-
ond, we develop a likelihood ratio-type test for examining the linearity of a(-) and
B(-). Specifically, we construct the test statistic by comparing estimators under
the null hypothesis and the alternative hypothesis. The novelty of our construc-
tion is that we use the unrestricted factor estimator from the alternative to obtain
the estimators of a(-) and f(-) under the null. This ensures the same rotational
transformation matrix under the null and the alternative and thus the consistency
of our test. Both of these tests also enjoy the aforementioned attractive features
of our estimators: our Monte Carlo simulations show that the finite sample per-
formance of our estimators and tests is satisfactory and encouraging for large N,

even when 7' is small.

We apply our new methodology to analyze the cross section of individual stock
returns in the US market. We use the same data set as in Kelly et al. (2019), which
is the closest study to ours in terms of its empirical aims, although both our econo-
metric approach and empirical findings are quite different. First, in contrast to
Kelly et al. (2019, 2020) we allow for a(-) and () functions to be non-linear. In
fact, we are able to test—and reject—the validity of the linear specifications. Second,
we are able to conduct rolling small sub-sample analyses to accommodate chang-
ing factor dynamics as our methods do not require large sample length 7. Third,
we are able to consistently estimate the number of latent factors. Our empirical
findings reveal that only one latent factor is detected by the formal tests when we
consider linear dependence of alpha and beta functions on characteristics, and two
factors when we allow for nonlinearity—this is also in contrast to Kelly et al. (2019),
who advocate a five-factor model. Still, our tests reject the risk-based model, since
the pricing errors associated with many characteristics are statistically different
from zero. Their economic magnitudes are also substantial, as we are able to
construct pure-alpha arbitrage portfolios with annualized Sharpe ratios typically
above 3. These Sharpe ratios tend to rise with the number of factors (we consider

up to ten), indicating that adding factors does not improve the asset pricing prop-



erties of the model, even though it might help capture more time-series variation
in returns. This result provides strong empirical evidence that the characteristics
contain information about both risk exposures and mispricing. In addition, the
nonlinear models often produce more reasonable estimated relationships between
the risk exposures and characteristics than the linear model. For instance, the
estimates from our nonlinear models show that firms with higher book-to-market
ratios bear more systematic risk and hence have higher expected returns, whereas
the estimates from the linear model often give the opposite result. Nevertheless,
the additional flexibility provided by the nonparmetric estimation of factor load-
ings does not result in an improved asset pricing performance of the factor models,
yielding arbitrage portfolio Sharpe ratios that are as high or even higher than in

the linear case, often exceeding 4.

Our paper relates to several strands of literature. Several studies estimate
models similar to (1) under the assumption that z; are time-invariant, at least
over subsamples. Connor and Linton (2007) and Connor et al. (2012) develop
estimation procedures based on kernel smoothing for the case with a(-) = 0 and
B(-) being univariate functions. Fan et al. (2016a) consider a sieve estimation
which facilitates global inference, and propose a projected-PCA approach for the
case with a(-) = 0. Kim et al. (2020) extend the projected-PCA to allow for
nonzero «(-), and use it to construct an arbitrage portfolio. We contribute to
this literature by introducing a robust sieve estimation that allows z;; to vary over
time and developing global inference for a(-) and f(-). Despite some similarities,
our regressed-PCA is genetically different from the projected-PCA. The regression
in the former serves to extract z; from the common component for a consistent
estimation, whereas the projection in the latter serves to remove the noise part of
the factor loadings for a more efficient estimation. Therefore, the projected-PCA
may fail to obtain consistent estimators when z; are time-varying. In contrast,

our regressed-PCA is consistent even when z;; are nonstationary over time.

Our study also contributes to the literature on time-varying factor models.
Motta et al. (2011) and Su and Wang (2017) consider the time-varying factor

model with factor loadings being smooth functions of ¢/T" and propose local ver-



sions of PCA based on kernel smoothing.? Pelger and Xiong (2021) assume that
factor loadings are smooth functions of state variables and study a similar esti-
mation procedure. Gagliardini and Ma (2019) study a time-varying factor model
with no arbitrage and extract local factors from conditional variance matrices.
However, none of them are directly suitable for testing asset pricing models, since
they all impose a(-) = 0. Many empirical findings suggest that characteristics
contain information about both pricing errors and risk exposures, which can be
distinguished in our approach. There are numerous studies of conditional models
with observed factors. For example, Gagliardini et al. (2016) specify factor load-
ings as linear functions of both time-varying characteristics and state variables in

a model with «(-) = 0; Gagliardini et al. (2020) provide a comprehensive review.

The literature on the cross section of asset returns is vast; here we focus on
multi-factor models motivated by the arbitrage pricing theory of Ross (1976) and
its generalizations (Chamberlain and Rothschild, 1982; Connor and Korajczyk,
1986, 1988; Reisman, 1992). Empirical analysis that exploits the ability of stock
characteristics to predict asset returns typically follows either the portfolio-sorting
approach (Fama and French, 1993; Daniel and Titman, 1997; Fama and French,
2015) or the characteristic-based approach (Rosenberg and McKibben, 1973; Ja-
cobs and Levy, 1988; Lewellen, 2015; Green et al., 2017; Freyberger et al., 2020;
Kirby, 2020; Giglio and Xiu, 2021). The importance of nonlinearity is highlighted
by several empirical studies (Connor et al., 2012; Kirby, 2020), and has also been
addressed by machine learning methods in recent studies (Gu et al., 2021; Chen
et al., 2022).

The central issue with both of these approaches is that they are unable to dis-
tinguish between the two roles played by characteristics: capturing time-varying
risk exposures and representing mispricing. We complement the literature by in-
troducing a semiparametric time-varying characteristic-based factor model that
provides a simple, tractable and robust method for estimation and inference. This

new methodology enables us to estimate conditional (dynamic) behavior of a large

3There is a large literature on conditional models that considers time-varying factor loadings

that are functions of aggregate variables rather than firm-specific characteristics, e.g. Ferson
and Harvey (1999) use a linear formulation while Roussanov (2014) considers nonparametric
kernel-based specifications.



set of individual assets from a number of characteristics exhibiting nonlinearity
without the need to pre-specify factors, while allowing us to disentangle the risk
and mispricing explanations, as least from the standpoint of arbitrage-based mod-

els.

The remainder of the paper is organized as follows. Section 2 introduces the
estimation method—the regressed-PCA. Section 3 establishes large sample prop-
erties of the estimators, including consistency, rate of convergence, and asymptotic
distribution. Section 4 introduces a weighted bootstrap and develops two tests.
Section 5 provides two consistent estimators of the number of factors. Section
6 applies our new methodology to analyze the cross section of individual stock
returns in the US market. Section 7 briefly concludes. Appendix A collects as-
sumptions, while Appendix B provides proofs of the main results. The Online
Appendix presents auxiliary results, simulation results, additional empirical re-

sults, and technical lemmas.

2 Estimation Method

We begin by introducing some notation that is used throughout the paper. For a
symmetric matrix A, we denote its kth largest eigenvalue by \;(A), and its smallest
and largest eigenvalues by Apin(A) and Apax(A). For a matrix A, we denote its
operator norm by ||A||2, its Frobenius norm by ||A|r, and its vectorization by
vec(A). The Euclidian norm of a column vector z is denoted ||z||. For matrices A

and B, we use A ® B to denote their Kronecker product.

We first illustrate the idea behind our regressed-PCA method by assuming
that a(-) is null and §(-) is linear: () = 0 and S(zy) = Iz for some M x K
matrix I'. Let Y = (vie, -, yne), Zt = (2145, 2ne)'s and & = (€14, ..., en)-

Then we may write (1) in a matrix form
}/;5 = Ztht —|— Et. (2)

The main challenge of applying the standard PCA for estimating I' and f; is the

presence of Z; in the first term on the right-hand side of (2). To circumvent it,

7



we first regress Y; on Z;. Thus, we obtain
(L2077 2Y, = Dfy + (212 2, 3)

Heuristically, the variation of the common component Z,I' f; over ¢ has two sources:
Z; and f;, and regressing Y; on Z; can easily isolate the two sources or extract Z;
from the common component. Given the factor structure on the right-hand side of
(3), we may apply the standard PCA to the regressed data—{(Z,Z,) "' Z]Y, };<7to
obtain estimators of I" and f;. We call the two-step procedure the regressed-PCA.

We next consider the general case with nonzero «a(-) and address how to esti-
mate a(-) and B(-) = (B1(+),..., Bk (:)) nonparametrically. To estimate «(:) and
Br(+) without the curse of dimensionality when z; is multivariate, we assume «(-)

and S (-) to be separable. Specifically, we assume that there are {a, () }m<ar and
{Bkm () }m<nsr such that

M M
Zzt Z am Zit, m and 5k Zzt = Z Zzt m (4)
m=1 m=1

where z;;,, is the mth entry of z;. To estimate a,,(-) and Sy (-), we adopt the
sieve method. Let {¢;(-)},;>1 be a set of basis functions (e.g., B-spline, Fourier
series, polynomials), which spans a dense linear space of the functional space for

apm(+) and B, (+). Then we may write

Zzt m

](b] Zit m + Tm J(Zzt m) (5)

o ”M“

Bk:m Zzt m Z k:m,]¢] Zzt m + 5km J(Zzt m) (6)

Here, {am, ;}j<s and {bynm ;};<s are the sieve coefficients; rp, ;(-) and gy, (-) are
“remaining functions” representing the approximation errors; J denotes the sieve
size. The basic assumption for the sieve method is that sup, |r,, s(z)| — 0 and
SUp, |Okm.s(2)] = 0 as J — oo. Let ¢(ziem) = (01(Zitan), - - 05 (zitm))'s d(zit) =
(Q_S(zim)/, . ,&(zit,M)’)/, a=(a11,---,01,75-,0aM1,---,0p,y) whichisa JM x 1

vector of the sieve coefficients, by = (bg1a,---sbk1gs -5 brara, - -+, bkars)’, and



B = (b1, ,bk) which is a JM x K matrix of the sieve coefficients. Let r(z;) =
Yt T, (Zitm) and 8(zi) = (g1 O1m, (Zien)s - -+ Zmet Oxm,s (2itm))'. Then

a(zi) = d'¢(zi) + r(2zi) and B(zi) = B'éd(zi) + 0(zi)- (7)

Thus, a(z;) and §(z;) can be well approximated by a'¢(z;) and B'¢(z;) under
the basic sieve assumption, and estimating «(-) and ((-) reduces to estimating a
and B.

We now introduce the estimation of a, B and f; based on the above sieve ap-
proximation in(7)by adapting the regressed-PCA.Let ®(Z;)=(¢p(z11), ..., ¢(2nt)),
R(Z) = (r(z10), ..., r(2ne)) and A(Zy) = (6(211), - - -, 0(zn¢))". Using the sieve ap-

proximation in (7), we may write (1) in a matrix form
Y, = 0(Z)a+ ®(Z)Bf + R(Zi) + A(Z) i + e (8)

Under the basic sieve assumption, the term “R(Z;) + A(Z;) f;” is negligible, so the
main challenge in applying standard PCA to estimate a, B and f; is the presence
of ®(Z;) in the first two terms on the right-hand side of (8). To solve this problem

we regress Y; on ®(Z;) to obtain
Y, =a+ Bfi+ (2(Z)(Z,)) ' ®(Z,) (R(Z) + A(Zy) fo + &0), (9)

where Y; = (®(Z,)®(Z,))"'®(Z,)'Y;. Thus, we may estimate a, B and f; as
follows. First, since Y; ~ a+ Bf;, we may remove a by subtracting Y = > Y, /T
from Y; and estimate B by applying the standard PCA to the demeaned {}7; —
):/}tST. Second, for identification of a (and thus «a(+)), we assume a’B = 0. Since
Y ~a + Bf where f = ST f,/T, we may estimate a according to a ~ [[ ;5 —
B(B’B)_IB]}:/. Third, we may estimate f; according to f; ~ (B'B)~'B'Y,.

The estimators of a, B, a(-), f(:) and F = (fi,..., fr) are formally defined as
follows. Denote the estimators by a, B, a(-), 5(-) and F. Let My = Iy —171,./T,
where 17 denotes a 1" x 1 vector of ones. We use the following normalization:
B'B = Ik and F'M7F/T being diagonal with diagonal entries in descending order.

Let Y = (}71, e ,?T). Then the columns of B are the eigenvectors corresponding



to the first K largest eigenvalues of the JM x JM matrix Y MY’ /T, & = (I —
BR')Y, and

a(z) = d'p(2),B(z) = B'¢(z) and F = (fy,..., fr) = Y'B. (10)

Here, we assume that K—the number of factors—is known, and conduct asymp-
totic analysis and develop inference method in Sections 3 and 4. In Section 5,
we develop two consistent estimators of K, so all the results carry over to the

unknown K case using a conditioning argument.

Remark 2.1. Our estimation procedure is applicable for unbalanced panels. The
key step is to obtain V;. We may write ¥; = (S0, 6(z)6(z0)'] " S, 6z
In the presence of unbalanced panels, we may obtain Y; by taking the two sums
over i’s, for which both z; and y;; are observed in time period t. This is equiv-
alent to replacing missing data with zeros and proceeding as balanced panels.
The asymptotic results established in the following sections continue to hold as

min;<p Ny — 0o, where N, is the sample size in time period .

Remark 2.2. The approximated model in (8) can be alternatively viewed as a
panel data model with time-varying slope coefficients a + B f;, which exhibit a
factor structure. The regressed-PCA first estimates the time-varying slope co-
efficients by period-by-period cross-sectional regressions, and then exploits the
factor structure by using PCA. The period-by-period cross-sectional regressions
are known as Fama-MacBeth regressions (Fama and MacBeth, 1973), which help
transform the large unbalanced panel of noisy individual asset returns into a a low-
dimensional balanced panel of assets that are largely free of idiosyncratic noise,
Y. In asset pricing applications, Y; can be interpreted as the time ¢ realization
of returns on a set of JM managed portfolios. Thus, the regressed-PCA boils
down to applying PCA to a set of characteristic-managed portfolios constructed
via the Fama-MacBeth regressions that are free of idiosyncratic noise and have
sufficiently low dimensionality for the standard PCA methods to be applicable.
The (th entry of Y} is a weighted average of asset returns with weights determined
by the £th row of (®(Z;)'®(Z;))'®(Z;)’, which is a standardized version of ®(Z;).
If ®(Z,)'®(Z;) is diagonal, the portfolios are normalized by the second moment of

10



®(Z;). If the polynomial basis functions are used, ®(Z;) consists of powers of Z;.
This allows us to investigate nonlinearity of characteristics in pricing errors and

risk exposures.

How does our regressed PCA compare with existing methods that have been
proposed in the literature? First, consider the projected-PCA of Fan et al. (2016a),
which applies the standard PCA to the projected data—{®(Z;)(®(Z,)'®(Z;)) 1 ®(Z,)'Y; } <.
The regression in the regressed-PCA is designed to extract Z; from the common
component for a consistent estimation, whereas the projection in the projected-
PCA is designed to remove the noise in the factor loadings for a more efficient
estimation. Therefore, the projected-PCA may fail to provide consistent esti-
mates when Z; is time-varying. Indeed, as discussed in Appendix G of Fan et al.
(2016b), one may need to impose certain smoothness conditions on Z; over ¢ to
ensure the consistency of the projected-PCA; the regressed-PCA does not require
such conditions (see below). Second, consider the least squares estimation ap-
proach (Park et al., 2009), which is at the core of the instrumented PCA (IPCA)
of Kelly et al. (2019). The least squares estimation problem is nonconvex and thus
cannot be solved explicitly; Park et al. (2009) develop a numerical algorithm to
find the estimators, while Kelly et al. (2019) propose an alternating least squares
procedure. However, both methods may require a good choice of initial values as
convergence to the correct solution is not assured, and their asymptotic properties
are not well-understood. In addition to the asymptotic properties that we derive,
our estimators can always be explicitly solved for, and their computation is easy

since it involves only regression and PCA.

3 Asymptotic Analysis

In this section we establish consistency of our estimators and provide their asymp-

totic distributions.

11



3.1 Consistency and Rate of Convergence

Prior to presenting formal theorems, we return to (2) to quickly illustrate why
large T" is not required and Z; are allowed to be nonstationary over t in our
asymptotic analysis. Assume T' > K + 1 and M > K. Since the columns of B
and I are the eigenvectors of Y MyY” and T'F' My FI corresponding to the first K
largest eigenvalues, by the matrix perturbation theorem (see, for example, Yu et al.
(2014)), to establish the consistency of B to T (up to a rotational transformation)

it suffices to show
|Y My — TF' My||p = 0,(1) as N — oo. (11)
Since Y =TF' + (Z,2,) " Zley, ..., (ZhZr) " Zher), (11) reduces to
\(Z12)) Zie, ... (ZpZp)  Zher)Mr||r = 0,(1) as N — oo. (12)

When T is fixed, (12) is equivalent to (Z/Z;) ' Z}e; = 0,(1) for each t. Thus, we
only need regularity conditions on Z; and ¢, for each ¢ in order to apply the law of

large numbers. This implies that Z; can vary over ¢ in a non-stationary manner.

Let H = (F'MpF)(E'MpF)~', which is a rotational transformation matrix
that determines the convergence limit of B, F' and S(-). Let & = sup, ||¢(z)],
which is O(v/.J) for B-spline and Fourier series and O(.J) for polynomials (see, for
example, Belloni et al. (2015)). The first theoretical result of the paper is given

as follows. We collect all assumptions with discussions in Appendix A.

Theorem 3.1. Suppose Assumptions A.1-A.5 hold. Let a, B, F, a(-) and B() be
given in (10). Assume (i) N — oo; (ii) T — oo or T > K + 1 is finite; (iii)
J — oo with J*¢3log J = o(N). Then

1 J J
la=al* = 0, (73 + 55+ 77

1B = BH|} =0, (5 + 75 +

1, -~ _ 1 1
SIE = PO =0, (75 + 37 )



) , I ¢ ,
Sgp|04(2)—04(2)| =0, WJFﬁJFW T?gfsgp|¢j(z)|,

A 1 J? J?
sup () = BB =0, (o + 3 + g masu 62

We discuss two important findings. First, Theorem 3.1 implies that a and «a(-)
can be consistently estimated by @ and &(+), and B, F and f(+) can be consistently
estimated by B , F and B (+) up to a rotational transformation under either large N
with fixed T" or large N and large T'. In particular, the consistency of F requires
J — oo. This is because a large sieve approximation error of «(-) and 3(-) may
cause inconsistent estimation of F. To quickly see this, let us look at the following

simple linear models

Y, = WL + Z,T' fi + &4, (13)
Y, = (4,1 + WD) f + 4, (14)

where Z; and W, are N x 1 vectors, f; is a scalar factor, and ¢, is independent of
Z; and W;. Let us further assume Il = I" and W; = Z,g; + v;, where g, is a scalar

coefficient, and v; is independent of Z;. Then (13) and (14) can be rewritten as

Y, = ZUff + ¢, (15)
Yi=Z U7 + &, (16)

where f} = fi+gi, e = vl+ey, f17 = fi(l14+g), and e = v f;+¢;. Thus, if only
Z; is used for estimating (13) (i.e., the sieve approximation error of a(-) is large),
then F' can consistently estimates F* = (ff,..., f7) up to a scalar; if only Z; is
used for estimating (14) (i.e., the sieve approximation error of 5(-) is large), then
F' can consistently estimate F** = (f*, ..., f7) up to a scalar. In both cases, I3
fails to consistently estimate the space spanned by F', unless g; is proportional to
f+ in the former case and is not changing over ¢ in the latter case. The finding also
suggests that misspefication of «(-) and f(-) may cause inconsistent estimation of

F, thus motivates us to develop a specification test fora(-)and/5(-)in Section 4.2.

Second, Theorem 3.1 provides a fast convergence rate of @, B and F. For

13



example, when T = O(N), @ and B attains the optimal rate O,(J~2¢ + J/(NT)),
which is the fastest rate that one can obtain when F were known. Assume
J™2N = O(1), which can be satisfied for sufficiently large x under the restric-
tion J2¢2log.J = o(N). Then F attains the optimal rate O,(1/N), which is the
fastest rate that one can obtain when «(-) and (-) were known. This implies that
the nonparametric specifications of «(-) and 3(-) do not deteriorate the optimal
rate for estimating F' as long as «(-) and f(-) are sufficiently smooth (i.e., x is
sufficiently large), or parametric specifications of «(-) and f(-) do not necessar-
ily improve the estimation of F. This implication is important in developing the
specification test for a(-) and f(-) in Section 4.2. The fast convergence rate result

also allows to derive the asymptotic distributions of the estimators.

The requirement J2¢%1log J = o(N) is standard for sieve approximations (e.g.
Belloni et al. (2015)). Note that if the functional forms of a(-) and §(-) are known
and specified accordingly, then there is no sieve approximation error and we can
dispense with the requirement that J — oo as the asymptotic properties continue

to hold for a fixed J.

3.2 Asymptotic Distribution

We focus on deriving the asymptotic distributions of @ and B, since our main con-
cern is inference for a(-) and (-). Let Q=N ST ST 1 fVQr Eld(2i0)d(25)]
xQ; ' Eleieis]/NT, where = (1, (fe = f)) and Q; = X%, Ep(zi)¢(2it)']/N. Tt
is a variance-covariance matrix, which will appear in the asymptotic distributions

of & and B. The second theoretical result is established as follows.

Theorem 3.2. Suppose Assumptions A.1-A.6 hold. Let & and B be given in
(10). Assume (i) N — oo; (i) T — oo or T > K + 1 is finite; (iii) J — oo
with J?¢%1og J = o(N). Then there is a JM x (K + 1) random matriz N with
vec(N) ~ N(0, ) such that

. VNT VTJ J¥S /TG log* ]
||\/NT(a—a)—Ga||:Op< S N N6 T T N
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and

R 5/6 1/4
IVRT(B - Bi1) - Gallr =0, (5 + Y22 4 s+ Y2,

Jr + \/N + N1/6 + N1/4

where G, = (Ijyr — BHH'B)(N; — GpH ' f) — BHG/ya and Gg = NyB'BM,
H and M are nonrandom matrices given in Lemma F.15, and Ny and Ny are the

first column and the last K columns of N.

Theorem 3.2 establishes a strong approximation: (vNT(a — a),vVNT (B —
BH)) can be well approximated by a normal random matrix (G,, Gg), in the sense
that their difference converges in probability to zero when T' = o(N), NTJ 2% =
o(1) and J = o(min{N'/3 N/T}). Therefore, (v’ NT(a — a),/NT(B — BH))
behaves like a normal random matrix. Here, the dimensions of v/ NT(d — a) and
VNT (B — BH) grow with J, so the classical central limit theorem does not apply.
Instead, we use the Yurinskii’s coupling to establish the strong approximation that

allows for weak dependence of {€;;}i<n <1 Over t.

4 Bootstrap Inference

In this section, we develop a weighted bootstrap approach to estimate the distri-

bution of (G,, Gp), and a specification test for linearity of a(-) and 5(-).

4.1 Weighted Bootstrap

It seems straightforward to estimate the distribution of (G,,Gp) by estimating
its unknown components. However, it may be challenging to estimate €2, since
we allow for weak dependence of {e;:}i<n i< over ¢. In order to circumvent this
challenge, we develop a weighted bootstrap, which may have an additional com-

putational advantage.

Let {w;};<n be a sequence of independently and identically distributed pos-

itive random variables with Efw;] = 1 and var(w;) = wy > 0. For example,
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w;’s can be drawn from the standard exponential distribution and wy = 1. For
each 7, we assign the same weight w; to all observations over ¢t to maintain the
dependence of {e;}i<ni<r over t. Let ®(Z,)* = (¢(z1)wn, - .., d(2ne)wn)" and
Y = (®(Z,)"®(Z,)) "' ®(Z,)"Y;, which is bootstrap version of Y;. To define the
bootstrap estimators of a and B, let Y* = (Y},...,Y;) and Y = ST YFT.

The bootstrap estimators are given by

A

E* _ ?*MTF(F/MTF)fl and a* = (IJM . B*<B€*/B*)71§*/)Y*’ (17)

which mimic B and a following the formulas B = Y MpE(F'MyF)™' and a =
(Iyp — ]_g’l%’)}:/ = (I — @(3’3)_1§’)}3. We propose to estimate the distribution
of (G, Gp) by the distribution of (\/NT /wq (a*—a), / NT Jwy(B*—B)) conditional
on the data. The validity of the bootstrap for B can be quickly seen when 7" = 2
and K = 1.1

Remark 4.1. The bootstrap can be easily adapted for unbalanced panels. The
key step is to obtain f/t* We may write l?;*: [N 0(2i) O (2i) wi] "N b (240 ) ysws.
In the presence of unbalanced panels, we may obtain 17;* by taking the two sums
over i’s, for which both z; and y;; are observed in time period ¢. This is equivalent
to replacing missing data with zeros and proceeding as balanced panels. Prior
to this, we need to generate {w;}i<n,.. once, where Ny is the number of all
observation unit ¢’s. The asymptotic results established below continue to hold as

min,<7 Ny — 00, where Ny is the sample size in time period ¢.

Let p* be the probability measure with respect to {w;}i<ny conditional on
{Y:, Zi}1<r. The third theoretical result is established as follows.

Theorem 4.1. Suppose Assumptions A.1-A.7 hold. Let a, B, a* and B* be given
in (10) and (17). Assume (i) N — oo; (i) T — oo or T > K + 1 is finite; (iii)
J — oo with J?¢%1log J = o(N). Then there is a JM x (K + 1) random matriz

4In this case, B = (Yl—Yg)/HYl—YgH, BH = B(fi—f2)/llY1—Ya|l and B* = (Y7 =Y5")/[|[Y1-Y2].
Thus, the distribution of vV NT(B — BH) = VvNT (Y1 — Ya — B(f1 — f2))/||[Y1 — Y2|| can be
estimated by the distribution of /NT Jw (Y} — Y5 — (Y1 —Y2))/||Y1 = Ya| = \/NT Jwo(B* — B)
conditional on the data by the weighted bootstrap in Belloni et al. (2015).
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N* with vec(N*) ~ N(0,Q) conditional on {Yy, Zi }1<r such that

. VNT JTJ  Jb/6 JE logh/t J
VATl = 0) = G2ll = Oy (50 + 12 4 s 4 YT

and

. VNT TJ J3/6 /T logt* J
IVNT fwo(B ~Gllr = ( Js /N ' NS N1/ !

where G = (I; — BHH'B") (Nt — GH ' f) — BHG%a and G% = N;B'BM,
‘H and M are nonrandom matrices given in Lemma F.15, and Ni and N3 are the

first column and the last K columns of N*.

Theorem 4.1 implies that the distribution of (G,, Gg), which is equal to the dis-
tribution of (G%, G%), can be approximated by the distribution of (y/NT /wo(a* —
a),\/NT Jwy(B* — B)) conditional on the data, when T' = o(N), NT.J=2¢ = o(1)
and J = o(min{N'/>, N/T}) . The result allows for the same weak dependence of

{€it}i<ni<r over t as Theorem 3.2.

Remark 4.2. A more natural bootstrap estimator for B is given by B**, whose
columns are the eigenvectors of Y* MY /T corresponding to its first K largest
eigenvalues. We notice that \/NT/wy(B** — B) conditional on the data may
fail to estimate the distribution of Gg. The key part of the proof is to show
that vV NT(B* — BH) and vV NT(B — BH) share a similar asymptotic expansion.

Specifically, we show

T
|| \/ B BH Z Zt €t ft f),B/BM = Op((SNT)
t=1 F
and
HVNT(E* — \/_ZQt 1@ Zt €t<f f)/B,BM . = Op((SNT);

where Sy = VNTJ ™ 4+ \/TJ/N + /JE;(log J/N)'/4. Let F* = V*B* and
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H* = (F'MyF*)(F"' MpF*)~". Similarly, we can show

l(I) Zt gt(ft f)IB/BM = Op((SNT).

F

\/—ZQt

Thus, /NT /wo(B** — B) conditional on the data may fail to estimate the distri-
bution of Gg, since /NT /wo(H* — H) is not asymptotically negligible due to the
relatively slow convergence rate of £ and F*. Since B** = Y*MTﬁ*(ﬁ*’MTﬁ*)_l
it is important to use F' rather than F* in (17) to ensure that B* and B share
a common rotational transformation matrix and are centered around the same

quantity BH, rendering the validity of the bootstrap.

Significance tests for a(-) and 3(-). We can immediately use Theorems 3.2
and 4.1 for several significance tests. We can test whether a(-) = 0 by comparing
NTad'a with the 1 — a quantile of NT'(a* — a)'(a* — a) /wo conditional on the data
for 0 < o < 1. Similarly, we can test whether ¢;(z;,)’s are significant in a(z;)
for some given j’s and m’s, and whether ¢;(z;,)’s are jointly significant in 5(z;)
for some given j’s and m’s, which is equivalent to whether certain rows of BH
are jointly zero. However, due to the lack of identification, we are not able to test
the significance of each component of 5(z;); due to the full rank requirement in
Assumption A.2(i), we cannot use Theorems 3.2 and 4.1 to test whether §(-) = 0.

4.2 Specification Test

In order to test for linearity of a(:) and S(-), we develop a test by comparing
their estimators under the null and the alternative. Specifically, we consider the

following the hypothesis:

Ho : a(zi) = 7'z and B(zi) = [z for some v, T and all i < Nt < T v.s.
H;: inf iI#fEHa(zit) —7'zu)?] > 0 or ig%}ngilrlle[]\ﬁ(zit) —1'z||?] > 0. (18)

ISNAZT

Estimators of a(-) and 3(-) under H; are already given by 4(-) and A(-)in (10). Let
Y, = (Z!Z) 1 Z1Ys, Y = (571, . ,?T), and Y = > Y;/T Estimators of a(z)
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and f(3(z;;) under Hy are given by 4'z; and f’zit, where [' = }7]\4Tlﬁ’(lﬁ”]\4TF)*1
and 4 =Y —T'B’ Y. Three remarks for 4 and I are as follows. First, we use the
unrestricted estimator ft rather than a restricted one by imposing Hy to ensure
that 1'z; and B (z;) share a common rotational transformation matrix, which
is important in justifying the validity of the test. Second, in 4 we use BY =
> ft/T, which is an unrestricted estimator of f, rather than the restricted
estimator (I"I")~*I"Y under Hy to avoid the full rank requirement of I'. Third,
we note that using ft does not cause efficiency loss in estimating I and ~, since ft

has attained the optimal rate as discussed after Theorem 3.1. Our test statistic is

1

N T
1
:jZZ| Az — 6(zg) | +JZZ||F/Zn Bz |- (19)

i=1t=1 i=1t=1

To obtain critical values, we adopt the bootstrap method. Let Y= (21 2,) 2y,
YV* = (Y, Y5), and Y* = X7 V)T, where Zf = (zywy, ..., zpewy ). Tt is
shown in the proof of Theorem 4.2 that under Hy, S = SN, 57 [(F — )z —
(@ —a)¢(z)?/J + S Sy (0 = THY 2 — (B = BHY ¢ () I/ + 0p(J71/?).

In view of this, we may estimate the null distribution of S by the distribution of

1 N T Ak Ak AN/
=1 YDA = A) 2 — (@ —a) oz
Wo ;=7 =1
1 NI R . .
o D = D)z — (B = BY o) | (20)
0 i=11t=1

conditional on the data, where [ = Y*My F'(F'MyF) ! and 4* = ?*—f*(é*’é*)*lé*’i*.
For 0 < a < 1, let ¢;_, be the 1 — o quantile of §* conditional on the data. Thus,

we construct the test as follows: reject Hy if S > ¢_,.

Theorem 4.2. Suppose Assumptions A.1-A.8 hold. Let S be given in (19), and
C1_o be given after (20) for 0 < o < 1. Assume (i) N — oo; (i) T — oo or
T > K + 1 is finite; (iii) J — oo with J*¢2logJ = o(N). In addition, assume
T =o(N), J = o(min{N> N/T}) and NTJ 2 = o(1). Then ,

P(S > ¢1_4) = a under Hy and P(S > ¢1_o) — 1 under H;.
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The validity of the test does not require 7" — o0, as all above results. It also
holds when T" — oo but at a slower rate than N, which is usually true in asset

pricing.

5 Determining the Number of Factors

We now address the problem of estimating the number of factors K. To solve
the problem, we develop two estimators: one by maximizing the ratio of two
adjacent eigenvalues (Ahn and Horenstein, 2013), and another by counting the
number of “large” eigenvalues (Bai and Ng, 2002). To define the estimators,
let \p(YM7pY'/T) denote the kth largest eigenvalue of the JM x JM matrix
Y M7Y'/T. The first estimator is given by

X MNe(YMpY')T)

K = argmax ~ ~ .
1<k<iM)2 N1 (Y MpY? /T

(21)

Here, K is constrained to between 1 and JM /2. This is not restrictive, since we

assume that K > 1 is fixed and J — oo. The second estimator is given by
K=#{1<k<JM: \(YMpY')T) > Ayr}, (22)

where # A denotes the cardinality of A and 0 < Ay — 0 is a tuning parameter.

Theorem 5.1. (A) Suppose Assumptions A.1-A.3, A.5(i) and A.9 hold. Let K
be given in (21). Assume (i) N — oo; (it) T — oo; (iii) J — oo with J =
o(min{v'N,VT}) and NJ~2% = o(1). Then

A

P(K =K)—1.

(B) Suppose Assumptions A.1-A.3 hold. Let K be given in (22). Assume (i)
N — o0; (ii) T — oo or T > K + 1 is finite; (iii) J — oo with J = o(~/N); (i)
0 < Ayt — 0 and Ay min{N/J, J**} — oco. Then



As the final theoretical result of the paper, Theorem 5.1 demonstrates that K
and K are consistent estimators of K. The consistency of K requires T" — 00,
while the consistency of & does not require T' — oo. The latter relies on the choice
of Ay7. In practice, K is recommended when T is large, and K is recommended

when 7T is small.

6 Empirical Application

A central question in empirical asset pricing is why different assets earn different
average returns. While asset pricing theory attributes cross-sectional differences
in asset returns to risk exposures, there is substantial evidence suggesting a role
for mispricing captured by dependence of returns on asset characteristics, which
suggests potential market inefficiency. Much of the debate centers around multi-
factor models that aim to link average returns to factor loadings following Fama
and French (1993), who pursue a portfolio-sorting approach to constructing asset
pricing factors. Since their seminal paper, hundreds of factors have been proposed,
collectively dubbed a “factor zoo” by Cochrane (2011) and further discussed by
Harvey et al. (2016). While some of the factor models have an explicit justification
based on economic theory, many implicitly rely on the idea that factors capture
common variation in portfolio returns, thus appealing to arbitrage pricing theory
and its extensions (Ross, 1976; Chamberlain and Rothschild, 1982; Connor and
Korajczyk, 1986, 1988). Since implementing the latter requires knowledge of the
conditional covariance matrix of returns, which is infeasible to estimate when N is
larger than 7', most studies rely on stock characteristics to proxy for (imperfectly
measured) factor exposures. However, this makes distinguishing between the two
types of explanations virtually impossible, as exemplified by the “characteristics
versus covariances” debate (Daniel and Titman, 1997). Our method is perfectly
suited for resolving this debate, since it allows characteristics to simultaneously
appear in both pricing errors and conditional covariances with unobserved common

factors, which they also help recover.
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We consider the following semiparametric characteristic-based factor model
Tit = CL’(ZZ"tfl) + B(Zi,t—l),ft + 5it7i = 1, ceey N,t = 1, e ,T, (23)

where r;; is the excess return of asset i (e.g., stock ) in time period ¢, z;;—1 is a
vector of characteristics in time period t — 1, f; is a K x 1 vector of unobserved
latent factors, the pricing error (i.e., a(z;;—1)) and the risk exposures to factors
(i.e., B(zit—1)) are nonparametric functions of characteristics (i.e., z;;—1). The
model falls into the general framework of model (1), where we need to interpret z;
as characteristics in time period ¢t — 1. This model provides a unified approach for
studying the cross section of asset returns that nests the characteristic-based model
and the risk-based model. The modelling of the pricing error and the risk exposures
not only provides a way to disentangle the alpha versus beta explanations, but also
allows us to estimate a model for a large set of individual stocks. In addition, we
do not need to rely on ex ante knowledge to pre-specify the latent factors. Distinct
from the models in Connor and Linton (2007), Connor et al. (2012), Kelly et al.
(2019), and Kim et al. (2020), we allow for time-varying characteristics, nonzero
pricing error, nonlinearity of (+) and f(+), and unknown number of factors. These
are all crucial features of our approach, and not just for the sake of generality. For
example, as illustrated in Section 3.1, failure to take into account the time-varying
features of characteristics or mis-specifications in the functional forms of «(-) and

B(-) may result in misleading estimation of factors.

6.1 Data and Methodology

We use the same dataset used in Kelly et al. (2019), which is originally from Frey-
berger et al. (2020). The data set contains monthly returns of 12,813 individual
stocks and 36 associated characteristics with sample periods from July, 1962 to
May, 2014. The data is in the form of an unbalanced panel, for which our meth-
ods are applicable. See the above two papers for the detailed descriptions of the
data. For ease of comparison, we also use the same 36 characteristics as those
authors. By following the same procedure in Kelly et al. (2019), we transform

the values of the characteristics to relative ranking values with range [—0.5,0.5].
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This can make the contributions of individual characteristic in pricing error and
risk exposures comparable, and can further avoid the distorting effects from the
outliers. To satisfy the large N requirement, we select the sample period with at
least 1,000 individual stocks that have observations on both returns and the 36
characteristics, which is different from the case with at least 100 individual stocks
in Kelly et al. (2019). This yields a sample from September, 1968 to May, 2014.

To estimate the model, we implement the regressed-PCA by choosing the basis
functions ¢(z;) as (1, z;,)" and linear B-splines of z;. Using (1, z,)’ leads to linear
specifications of a(-) and 3(-), while using linear B-splines of z;; leads to nonlinear
specifications of «(-) and f(+), where «(+) and () are continuous piecewise linear
functions.” To estimate the number of factors K, we use K in (21). To implement
the weighted bootstrap, we let w;’s be i.i.d. random variables with the standard
exponential distribution. To implement the tests of «(:) = 0 and linearity of «a(-)

and (3(-), we set the number of bootstrap draws to 499.

6.2 Empirical Results

In order to evaluate the performance of the regressed-PCA, we compute several
measures of fit. First, we calculate Fama-MacBeth cross sectional regression R%,,
which captures the variation in individual stock returns explained by “managed
portfolios” constructed from the sieve functions of characteristics. Next, we report
the panel regression R% which captures the variations of these managed portfolios
explained by different sets of extracted factors. Then, we consider the following
three types of R? measures that directly speak to the ability of the factor models
to explain the cross-section of individual stock returns. The first one is total R? as
used in Kelly et al. (2019).The second one measures the cross-sectional average of
time series R? across all stocks, which reflects the ability of the extracted factors
to capture common variation in asset returns. The third measures the time series

average of cross-sectional goodness of fit measures. As such, it corresponds to

The one dimensional linear B-spline {1;(z)}7/_, is defined on a set of consecutive equidistant

knots: {z1,..., 241} For j < J, ¥;(2) = (2 — 2;)/(2j41 — ;) on (2}, zj41], ¥;(2) = (zj42 —
2)/(zj+2 — zj+1) on (241, Zj+2], and 0 elsewhere. For j = J, ¥;(2) = (z — z;)/(2j4+1 — z;) on
(2, zj+1) and O elsewhere.
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the R? of the Fama-MacBeth cross-sectional regression, and is the one of interest
for evaluating the model’s ability to explain the cross-section of average returns.
Fama-MacBeth regression slopes can be interpreted as returns on pure-play char-
acteristic portfolios (corresponding to «(-)) and factor-mimicking portfolios (for
B(+)) - i.e. portfolios that have unit loading on one characteristic/factor and zero
on all the others). Thus, the Fama-MacBeth R? reflects how much ex post vari-
ation in returns these portfolios can explain, as pointed out by Fama (1976) and
emphasized by Lewellen (2015).

Zi,t[ﬂ't — &(2ig1) — B(zi,tfl)/ft]Q

rets ) 924
Dt th (24)
1 Soilrie — 6lzig—1) — B(Zz t—1)'ft]2
o _q_ L . 7 | 2
RT N N EZ: o2 ; (25)
Ryr=1- ;Z Soilrie — @(Zi7t_13“2_ B(zi,t—l)/ﬁ]% o)
t iTit

Second, we consider a version of these goodness-of-fit measures that zero in on
the role of factors in explaining the time-series as well as the cross-section of stock

returns, by excluding the conditional intercepts:

Zi,t[rit - B(Zi,t—l)/ft]Q

R2=1- s 2 : (27)
1 >oilrie — B(Zz fl)lf]Q
R?,T7N =1- N Z S Zt T2tt : ) (28)
1 Soilrie — B(Zz 4)’]6]2
Rjnr=1- Xt: ! »r?tt = (29)

Third, we assess the out-of-sample prediction. For ¢ > 120, we use the data
through ¢t — 1 to implement the regressed-PCA and obtain estimators, say &;_1(-),
Bt_l(-), Ft’_l = ( ff“”) e ft(:l)); and then compute the out-of-sample prediction
of riy as &u_1(zi-1) + th(zi,tq)/j\t, where )\, = Yecioi fs(t_l)/(t — 1), that is,
the average of factor estimators through ¢ — 1. We can define three types of out-

of-sample predictive R?’s analogously by replacing a(-), B () and f; with a1(4),
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Bt—l(') and j\ta

Zi,t2120 [Tit - 54t—1(2i,t—1) - Bt—l(zi,t—l)/:\t]Q

RQO - Yii>120 Thd ’ (30)
1 Yis100(Tit — Ou—1(Zig—1) — th(zi t,l)’j\t]Q
Rino=1-32 == ’ ’ 31
e N ; 2_t>120 7"22,75 ’ (31)
1 Z’[Tit - @t—l(zi t—l) - Bt—l(zi t_l)/j\t]Q
Ryro=1- : ’ ’ . 3
MO T - 120 2;;0 ) (32)

Finally, we construct an arbitrage portfolio based on a pure-alpha strategy and
evaluate its performance. By (9) and Theorem 3.1, it is easy to see that Y/a 2
|a]|? for each t as N — co. This allows us to construct an arbitrage portfolio based
on an estimate of a. For ¢ > 120, we use the data through ¢ — 1 to implement
the regressed-PCA and obtain an estimator of a, say d;_1; and then compute the
portfolio weights by w; = ®(Z;_1)(®(Z;_1)®(Z;_1)) 'a;—1 and the excess return
of the portfolio by Rjw;, where R; = (ry,...,rne). We evaluate the annualized

Sharpe ratio of this portfolio.

In Table I, we consider linear specifications of a(-) and 5(-) by letting ¢(z;) =
(1,z,). In Table II, we consider continuous piecewise linear specifications with
18 characteristics with one internal knot by letting ¢(z;) be linear B-splines of
2it, where we split [—0.5,0.5] into two equal-length intervals.® In the nonlinear
specifications we use characteristics that are shown to be statistically significant

under the linear model, as detailed in Appendix E.

The main findings are summarized as follows. First, formal tests select one
factor in the linear case and two factors in the nonlinear cases, which is in contrast
to the arguments of Kelly et al. (2019) that five factors are needed. Second, the
out-of-sample R% based on our estimated one or two factor model with nonzero
a(-) is 0.54 in the linear specification, 0.59 in the nonlinear specification, both
of which are comparable to 0.60 in Kelly et al. (2019)’s linear specifications with

five factors. We notice that the total in-sample R?’s from this estimated single

6As a robust check, we further consider continuous piecewise linear specifications with 12 char-
acteristics with two internal knots, where we split [—0.5,0.5] into three equal-length intervals;
we report the results in Appendix E.
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Table I. Results under linear specifications of a(-) and 3(+) with 36 characteristics

Unrestricted (a(-) # 0)

K Ry R R.y Rir R} Ripy Riyy Mean Std SR
1* 2655 254 137 036 207 059 011 1.72 0.54 3.18
2 3642 452 243 176 4.08 175 137 174 052 3.36
3 4503 570 370 270 524 295 231 1.77 0.50 3.56
4 5255 11.69 855 927 1128 7.92 869 177 047 3.74
5 5865 11.90 873 948 1149 7.99 890 170 0.44 3.84
6 6420 13.90 10.30 11.80 13.53 9.79 11.24 1.68 0.44 3.78
7 69.15 1559 1223 13.76 15.23 11.71 13.23 1.63 0.44 3.73
8 7284 1593 1259 13.98 1556 12.00 1344 1.61 042 3.79
9 7626 16.08 12.67 14.19 1572 12.15 13.64 1.61 0.42 3.80
10 79.15 16.23 12.82 14.35 15.87 12.34 13.80 1.60 0.42 3.82

K R R:QF,N,O R?V,TO Da Diin
1-10 0.54 0.64 021 < 1% < 1%

I K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R% = 20.89%; R% measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA;
R?, Ry, Ry p: various in-sample R*s (%), see (24)-(26); R}, R}pn, R}y
various in-sample R?’s (%) without a(-), see (27)-(29); R, R%N,O, R?\LT,O: var-
ious out-sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annual-
ized means of the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized
standard deviations of the pure-alpha arbitrage strategy(%); SR: out-of-sample
annualized Sharpe ratios of the pure-alpha arbitrage strategy; p, and py, are the
p-values of alpha test ((-) = 0) and model specification test (joint linearity of «(-)
and f(+)), separately.
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Table II. Results under piecewise linear specifications of «(-) and 3(-) with 18
characteristics and one internal knot!

Unrestricted (a(-) # 0)
K Ry R* Riy RYl;s R} Rjpy Riyry Mean Std SR
41.61 5.94 3.47 3.60 552 299 311 246 0.69 3.54
2* 59.05 9.56 6.17 691 9.18 5.67 6.33 239 0.57 4.22
64.47 1042 6.78 796 10.03 6.27 738 2.36 0.57 4.17
68.99 13.83 10.26 11.52 13.40 9.80 10.90 2.19 0.53 4.12
72.33 14.32 10.73 11.98 1391 10.29 11.38 2.19 0.51 4.26
75.35 14.71 1097 1240 14.29 10.55 11.86 1.95 0.49 3.96
77.63 1528 11.78 1299 14.84 11.27 1242 1.90 048 3.93
80.83 1544 1198 13.16 15.10 11.59 12.73 1.73 0.47 3.66
82.88 15.84 1233 13.49 1548 11.87 13.05 131 0.40 3.26
10 85.61 16.39 12,89 13.93 15.71 11.80 13.14 0.88 0.28 3.14

—_

© o0 N O Ot =~ W

K RQO RCQZ‘,N,O R?V,T,O Pa Piin
1-10 0.59 0.64 028 < 1% < 1%

I K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R% = 21.11%; R% measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA;
R?, R%y, Ry p: various in-sample R*s (%), see (24)-(26); R}, R}y, R} n1
various in-sample R?’s (%) without a(-), see (27)-(29); R3, R%MO, R?V,T,O: var-
ious out-sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annual-
ized means of the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized
standard deviations of the pure-alpha arbitrage strategy(%); SR: out-of-sample
annualized Sharpe ratios of the pure-alpha arbitrage strategy; p, and py, are the
p-values of alpha test (a(-) = 0) and model specification test (joint linearity of a(-)
and f(+)), separately.
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factor models is smaller than Kelly et al. (2019)’s. This is not surprising, since the
objective of their IPCA estimation is (essentially) maximizing total (in-sample)
R?. Third, by increasing the number of factors, we can improve the in-sample fit,
since all three in-sample R?’s increase with K. However, increasing the number of
factors does not necessarily improve the out-of-sample fit of the model, since factor
betas simply soaks up the variation that is otherwise captured by alpha.” Fourth,
compared to the linear specification, the nonlinear specifications improve in-sample
fitting R? significantly and out-of-sample prediction R? slightly, meanwhile, the
estimation results from the nonlinear specifications are quite close. Both the better
performance and robustness show the advantage of nonlinear model estimation
based on linear B-splines. Finally, we provide more associated empirical results in

Appendix E.

We further use our tests to examine whether factor models explain the cross-
section of average stock returns (i.e. a(-) = 0) as well as whether «(-) and S(-)
functions are linear in characteristics. First, we find strong evidence to reject the
null hypothesis of a(-) = 0 in our estimated factor models whether we consider
the one- or two-factor models that are selected by our formal tests, or indeed
any number of factors between one and ten (we report the p-values here concisely
in Table I-1I to save space, suffice it to say that in all cases the pricing errors
are significant at 1% level). This result is in contrast to Kelly et al. (2019) who
find that increasing the number of factors can turn rejection to failure to reject,
settling on a five-factor model. The difference stems from the nature of factors
that we extract: our factors are designed to capture common time-series variation
of stock returns, in the spirit of the APT, while the IPCA procedure of Kelly
et al. (2019) is designed to fit the cross-section of stock returns as well as their
common time-variation, potentially giving up on the former to maximize the latter.
Indeed, our factors do a better job of capturing common time variation in stock
returns, as exhibited both by the R? measures above and, more importantly, by

the Sharpe ratios of the arbitrage portfolios that exploit the non-zero alphas. In

"Formally, this is because &(z; 1) + B(zz,t_l)’ﬁ’lT/T = ¢(ziy1) (a4 BF1p/T) = qﬁ(zi,t_l)’}:/,
which does not depend on K, where Y is the average of the coefficient estimates from the
first-step Fama-MacBetch regressions (also see (9)).
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particular, we find a high annualized Sharpe ratio for the pure-alpha strategy in
all of the cases that we consider. The Sharpe ratio increases from 3.18 to 3.82 as
we increase K from 1 to 10 in the linear specification, and are in the same range
(sometimes exceeding 4) in the nonlinear specifications that utilize B-splines while
reducing the number of characteristics used (when we use fewer characteristics, the
Sharpe ratio tends to fall with the number of factors in some of the specifications).
Importantly, since alphas always decline when additional factors are introduced,
the rising Sharpe ratios’ as the number of factors grows is clear evidence of the
important role of the factors in hedging out common variation in stock returns,
which reduces the volatility of the arbitrage portfolio at a rate that exceeds the

decline in alpha.

Before proceeding to the detailed investigation of characteristics and nonlin-
earity, we need to pin down the sign of the single extracted factor. Under the
normalization: B'B = Ix and F'MrF/T being diagonal with diagonal entries in
descending order, the sign of the single extracted factor is undetermined. To pin
down the sign, we let the sample means of the extracted factors to be positive
such that the unconditional risk premium is positive. Further, to interpret the
latent factors, we also report the factor projection regressions and correlation ma-
trix among the extracted factors and six constructed factors in Appendix E. It is
noteworthy to point out that, compared to the linear case, the extracted factors
from the nonlinear specifications have much higher correlations with the market
excess return, SMB, and RMW.

Empirical studies show that stocks with smaller market capitalization, higher
book-to-market ratio (Fama and French, 1993), or higher past returns (Jegadeesh

bR

and Titman, 1993) tend to have higher returns, often referred to as “size”, “value”,
and “momentum” anomalies in equity market. The presumed “rational” explana-
tion for these anomalies is that smaller or value firms or firms with better past
performance have larger exposures to priced systematic risky factors. In order
to test this hypothesis, we report the plots of the pricing error and the risk ex-
posure versus six important characteristics. Figure 1 reports the results for the
linear specification, and we find a downward sloping factor loading as a function

of book-to-market ratio, which rejects a (conditional) one-factor-model explana-
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tion of value. Figure 2 reports the results for the nonlinear specification with 18
characteristics with one knot, while we find the associated nonlinear and upward
sloping exposure to the second extracted factor, which is more consistent with the
risk-based view. Similarly, we find opposite curve slopes from the linear and non-
linear specifications for investment and profitability, where the results from the
nonlinear specifications are more consistent with the findings in Fama and French
(2015): firms with low investment and high profitability bear greater exposures to
systematic risks. As detailed in Appendix E, most of the characteristics contain
relevant information about alpha and/or beta. Overall, estimates from the non-
linear specifications are more consistent with the risk view than those from the
linear specification. All the conclusions are robust to different choices of linear

B-splines.

Finally, we check the estimated contribution of each individual characteristic
in the pricing error with different numbers of factors. In Figure 3, we report
the estimates and their associated 95% confidence intervals for the coefficients in
the linear specification. We find that increasing the number of factors does not
affect the estimates and confidence intervals significantly. This implies that the
estimation of alpha is not sensitive to the number of factors and is also contrast

to the estimation procedure in Kelly et al. (2019).

To conclude, we not only find strong evidence of nonlinearity but also identify

the source of the nonlinearity in both pricing errors and risk exposures.

7 Conclusion

In this paper we developed a simple and tractable sieve estimation of condi-
tional factor models with time-varying covariances and latent factors, as well as a
weighted-bootstrap procedure for conducting inference on the intercept and factor
loading functions. We established large sample properties of the estimators and
validity of the tests for large IV, even when T is small. These results enable us to
estimate conditional (dynamic) behavior of a large set of individual assets from a

number of characteristics exhibiting nonlinearity without the need to pre-specify
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Figure 1. Characteristics-alpha and characteristics-beta plots under linear speci-
fications of «(-) and f(-) with 36 characteristics
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Notes: the six important characteristics are market capitalization (mktcap), market beta (beta),
book-to-market ratio (bm), momentum (mom), investment (invest), and gross profitability
(prof). To make the magnitude comparable, the annualized values are reported for some al-
phas.

31



Figure 2. Characteristics-alpha and characteristics-beta plots under continuous
piecewise linear specifications of «a(-) and [(-) with 18 characteristics and one
internal knot
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Figure 3. Estimates and 95% confidence intervals of coefficients in alpha under
linear specifications of «(-) and f3(+)
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factors, while allowing us to disentangle the alpha from betas. We applied these
methods to explain the cross-sectional differences of individual stock returns in
the US market. We found strong evidence of conditional factor structure as well
as nonlinearity in conditional alpha and beta functions. Importantly, although
only one or two factors are selected by the formal tests, even when a large number
of common factors is considered, conditional pricing errors remain large, resulting

in arbitrage portfolios with high Sharpe ratios (typically above 3).

Appendix A Assumptions

Assumption A.1 (Basis functions). (7) There are positive constants cpin and

Cmax Such that: with probability approaching one (as N — 00),

A

Cmin < It%ljl“l Amin(@t) S I?Saj%( )\max(Qt) < Cmax;

where Qt = CD(Zt)’CI)(Zt)/N, (ZZ) MaAXm<M,j<Ji<Nt<T E[gb?(zzt,m)} < 0Q.

Since Qy = XN | ¢(zi)p(2s)' /N is a JM x JM matrix with JM much smaller
than N, Assumption A.1(i) can follow from the law of large numbers for finite
T and its uniform variant for 7" — oo; see Proposition C.1 for a set of sufficient
conditions. The conditions can be easily verified for B-spline, Fourier series, and
polynomials basis functions. In particular, we allow Z; to be nonstationary over
t. When Z,; is not changing over ¢, Assumption A.1 reduces to Assumptions 3.3
of Fan et al. (2016a).

Assumption A.2 (Factor loading functions and factors). There are positive con-
stants dpin and dpax such that: (i) dpin < Anin(B'B) < Apax(B'B) < dpax; (i)
max;<7 || fi|| < dmax; (44) Amin(F' My E/T) > diin; (10) Maxy< g m<n SUP, |Ogm, . (2)|
= O(J ") and max,,<p sup, |7m.s(2)| = O(J ") for some constant k > 1/2.

Assumption A.2(i) is similar to the pervasive condition on the factor loadings in
Stock and Watson (2002). Similar assumptions also are imposed in Assumption
B of Bai (2003) and Assumption 4.1(ii) of Fan et al. (2016a). For simplicity

34



of presentation, we assume that f;’s are nonrandom. Since the dimension of B
is JM x K, Assumption A.2(i) requires JM > K. Since the rank of My is
T — 1, Assumption A.2(iii) requires 7' > K + 1, which implies T' > 2. These two
requirements are not restrictive, since we assume K is fixed. Assumption A.2(iv)
is standard in the sieve literature. It can be easily satisfied by using B-spline or
polynomials basis functions under certain smoothness of «(-) and S(-); see, for
example, Lorentz (1986) and Chen (2007).

Assumption A.3 (Data generating process).(i){e; }i<7 is independent of { Z; }1<r;
(ii) Elei]) =0 for alli < N and t <T; (iii) there is 0 < C; < oo such that

N 1 N N T
z<I]13/,a£><{T]§1 |E[5it<€jt]| < Cl and ﬁ ' ZZZ |E[€it€js]| < Cl.

@
Il
R
.
Il
R
-
I
—
»
Il
—

Assumption A.3(iii) requires {e;}i<ni<r to be weakly dependent over both
1 and ¢, and is commonly imposed for high-dimensional factor analysis; see, for
example, Stock and Watson (2002), Bai (2003), and Fan et al. (2016a). When Z;
is not changing over ¢, Assumption A.3 reduces to Assumptions 3.4 (i) and (iii) of
Fan et al. (2016a).

Assumption A.4 (Intercept function). ’'B = 0 and ||a|| < Cy for some 0 <
00 < 00.

Assumption A.4 is needed for the identification of «(+). Similar assumption is
imposed in Connor et al. (2012) and Assumption 3.1(i) of Kim et al. (2020).

Assumption A.5 (Rate of convergence). (i) max,,<m j<si<nt<r E[gzﬁ?(zit,m)] <
00; (1) 0 < minj<n <7 Amin(Qit) < MaX;<n <7 Amax(Qit) < 00, where Qi =
E[¢(zi)p(zit)']; (i) {zit}i<ni<r are independent across i < N; (iv) there is
0 < Cy < oo such that

and




Assumptions A.1-A.4 allow us to establish a preliminary rate of the esti-
mators in Theorem C.1. Assumption A.5 is an additional assumption that we
need to establish a fast rate in Theorem 3.1. Assumption A.5(i) strengthens As-
sumption A.1(ii). Assumption A.5(ii) requires that the second moment matrix
E[é(zit)¢(z)'] is bounded and nonsingular for all ¢ and ¢, which is widely used in
the sieve literature; see, for example, Newey (1997) and Huang (1998). Assump-
tion A.5(iii) is commonly imposed in the sieve literature, which is used to justify
the asymptotic convergence of Q,. Assumption A.5(iv) allows for weak depen-
dence of {&;t}i<n <1 over both i and t. The second condition is similar to the sec-
ond condition in Assumption A.3(iii); both are satisfied if max,;<7 7, N, Zj»v:l
|Eleiejs| /N is bounded.

Assumption A.6 (Asymptotic distribution). (i) (F'MrF/T)B'B has distinct
eigenvalues; (i) {€it}i<ni<r are independent across i < N; (iii) there is 0 < C5 <

oo such that

T T
I}%%( ﬁ Z Z Z Z ’E[gitgisgiugiv” < Cg.

Assumption A.6 is needed in Theorem 3.2. The distinct eigenvalue condition in
Assumption A.6(i) is necessary to establish the asymptotic normality, as known in
the literature; see, for example, Bai (2003) and Chen and Fang (2019). Assumption
A.6(ii) imposes independence of {e;}i<n <7 across i for simplicity.® Assumption

A.6(iii) allows for weak dependence of {e;; }i<n <7 Over t.

Assumption A.7 (Bootstrap). (i) {w;}i<n is a sequence of independently and
identically distributed positive random variables with Ew;] = 1 and var(w;) =
wo > 0, and is independent of {Zy, et hi<r; (Vi) there are positive constants emin

and emax such that: with probability approaching one (as N — o),

€min < Itl’%ljg Amin(Q:) S r%a%( Amax(Q:) < €max;

where QF = ®(Z)"®(Z,)/N; (iii) Amin(Q) > 0.

8This assumption allows us to use the Yurinskii’s coupling. In fact, we may relax this assumption
and alternatively use Li and Liao (2020)’s coupling, so that the dependence across i can be
allowed. However, it is challenging to develop an inference procedure allowing the dependence
over both ¢ and ¢t. Therefore, we stick with this assumption.
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Assumption A.7 is needed in Theorem 4.1. Assumption A.7(i) defines the
bootstrap weight w; for each i. Since Qf = SN, ¢(zi)p(zi)w; /N is a JM x JM
matrix with JM much smaller than N, Assumption A.7(ii) can follow from the
law of large numbers for finite 7" and its uniform variant for 7" — oo, similar to
Assumption A.1(i). Assumption A.7(iii) requires nonsingularity of the variance-

covariance matrix €.

Assumption A.8 (Specification test). (i) There are positive constants gmin and

Gmax Such that: with probability approaching one (as N — o0),
Gmin < rt%l%l /\mln(Zt/Zt/N> S I?Sa{lz{ )\max(ZI:Zt/N) < Gmax;

(i1) max;<n <1 E[||2:]|*] < 00; (iii) mini<n <7 Amin(E[2i:2,]) > 0; (iv) with prob-

ability approaching one (as N — o0),
Gmin < ItI%l’]I“l )\min(Z:/Zt/N> S I?Sa’ﬁ{ )\max(Z:/Zt/N) < Gmax;
(v) sup, [a(z)| < oo and sup, ||5(2)]| < oo

Assumption A.8 is needed in Theorem 4.2. Assumptions A.8(i)-(iv) are anal-
ogous to Assumptions A.1(i), A.5(i), (ii) and A.7(ii), respectively. When z; is
included as a part of ¢(z;;), which is true in the case of polynomial basis functions,
the former are implied by the latter ones. In this case, Assumptions A.8(i)-(iv)

thus are redundant.

Assumption A.9 (Determination of K). (i) 0 < ming<r Amin(Fleie}]) < max<r
Amax (E[e:}]) < 005 11) there is 0 < Cy < 0o such that

1 T T

N N N N
m Z Z ‘ Z Z Z |COU(5it€jt7 6]€S£Z$)| < Cy.

t=1s=11=1 j=1 k=1 ¢=1

Assumption A.9 is needed in Theorem 5.1(i). Assumption A.9(i) requires that
the covariance matrix E[e;e}] is bounded and nonsingular for all ¢. In particu-
lar, max;<7 Amax(Ee1£}]) < oo allows for weak dependence of {e;:};<n <7 across

i. When {e;}i<ni<r are independent across ¢, the condition is satisfied when
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min; <y <7 Ele] > 0 and max;<n <1 Fle3] < co. Assumption A.9(ii) allows for
weak dependence of {e;; }i<ni<r over both i and ¢; see Proposition C.2 for a set

of sufficient conditions.

Appendix B Proofs of Main Results

PROOF OF THEOREM 3.1: Let us begin by defining some notation. For A; = A, =
R(Z)+A(Z) f and g, let A, = ((Z,)'D(Z)) ' O(Z,) Ay . Let A= (Ay,..., Ar

and E = (¢1,...,&r). Then (9) can be written as
Y =all, + BFF + A+ E, (33)

where 17 denote a T' x 1 vector of ones. Recall My = Iy — 171,./T. Post-

multiplying (33) by M7 to remove a, we thus obtain

Y My = B(MyF) + AMy + EMy. (34)
Let V be a K x K diagonal matrix of the first K largest eigenvalues of Y MY’ /T
By the definitions of B and F, (YMyY'/T)B = BV and MpF = M;pY'B.

Thus, F'MpF/T = B(YMyY'/T)B = V and H = (F'MpEF)(F'MpF)™' =
(F'MyY'B/T)V='. We may substitute (34) to (Y M7Y’/T)B = BV to obtain

6
B—BH =[(A+E)MyY'/TIBV ' =3 D;BV !, (35)
j=1

where Dy = AMpFB'/T, Dy = AMyA'/T, Dy = Dy = AMpE')T, Dy =
EMTFB//T and Dy = EMTE’/T. By the definition of a,

a—a=—B(B—BH)a+ (I;y — BB')(BH — B)H'f
+ (Iyar — BB')A174)T + (I;3 — BB)E14/T. (36)

where H~! is well defined with probability approaching one by (C.1) and Lemma
F.2(ii), and we have used «/B = 0 and (I;y; — BB')B = 0. Noting B'B = I, we
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may substitute (33) to F' = Y’B to obtain

A

F—F(H"Y" =174/ (B—- BH) + F(H)"Y(BH — BY

o>

+A'B+E'B. (37)

where (H')~! is well defined with probability approaching one by (C.1) and Lemma
F.2(ii), and we have used a’'B = 0. Theorem C.1 provides a preliminary rate of
la — al]?, |B — BH||% and ||F' — F(H')""||% by using rough bounds based on
(35)-(37). To improve the rate of |B — BH||%, we need to treat DsB in as (35) a
whole to establish its rate. By the Cauchy-Schwartz inequality and the fact that
IC+ Dllp < [Cll + D]l and [CD]lx < IC]l| D], (35) implies

6
|B — BH|[ < 10]| B3]V (Z IIDjII%) +2|VEIDs Bl

J#5

1 J J
=0 (g + 52+ w7) (38)
where the equality follows by J = o(v/N), Lemmas F.1(i)-(iv), F.2(i) and F.6(ii)
and the fact that || Dg|| = || Ds||p. Given the rate of | B — BH|% in (38), the rate
of |a — a|* immediately follows from the same argument in (C.2). To improve the
rate of | F'— F(H')"*||%, we need to plug in the expansion of B — BH to (36), and
treat a’ Dy, DQB, DsB and E'B as a whole to establish their rates. By the fact
that ||C' + D||r < ||C|lr + ||D||F and ||CD||r < ||C|2]|D||F, combining (35) and

(37) implies

6
1 = F(H) " |F = (Z 10511 £ | Bllallall + lla"Dall | Bll2 + ||a||||D5B||F) x
45

6

V=1 + (Z ID;ll el Bllz + 1Dy Bl r + ||D5B||F>
J#4,5

XA F ol H oIV 1Bl + 1A 2| Bll2 + |E Bl e

VT T
=0, <J + N) : (39)

where the equality follows by J = o(v/N), Assumptions A.2(ii) and A.4, Lemmas
F.1(i)-(iii), F.2, F.3(i), F.6 and F.7(i) and the fact that || Dg||r = ||Ds||r. Thus,
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the third result of the theorem follows from (39). The proofs of the last two results

of the theorem are similar to the proofs of the last two results of Theorem C.1. W

PROOF OF THEOREM 3.2: Let us first look at (38). The asymptotic distribution
can be obtained by choosing large J and assuming 7' not too large such that
the terms with O,(J7%) and O,(J/N?) are negligible relative to the term with
O,(J/NT). Thus, the asymptotic distribution is determined by the term with
O,(J/NT). Specifically, by the fact that |C+D||r < ||C||r+|D||r and |CD||r <
ICN2lID]lr, (35) implies

IVNT(B = BH) = VNTDyBV || < VNT|V ]| Ds B|r

R 6 NT TJ
CVNTIBILIVs S Dyl = O (V L ) (40)
D R

where the equality follows by J = o(v/N), Lemmas F.1(i)-(iii), F.2(i) and F.6(ii)
and the fact that || Dg|r = || Ds|r. Let Ly = XL, Q7' ®(Z,)ei(f, — f)'/VNT.
Since J = o(v/N), J1/27%) = o(v/NT/.J*). By the fact that ||C + D|r < ||C||r +
| D||F, combining (40) and Lemma F.13 implies

1/4
\WNT(B — BH) — LyrB'BM|p = O, ( VNT | VTJ | VTE log J) (1)

Jr VN N1/4

Note that Ny is a JM x K matrix from the last K columns of N. Thus, the second
result of the theorem follows from (41) and Lemma F.14. We now look at (36).
By the fact that ||z + y[| < [|z[| + [ly||, it implies

IVNT(a —a) — (Iyy — BB)[\/N/TE1lr — VNT(B — BH)H ' f]

+ BYNT(B - BHYa| < (L - BB)N/TAL| =0, (@V_T> @)

where the equality follows by Lemma F.3(i). Given the rate of |B — BH||r in
Theorem 3.1 and the rate of |[NElz| in Lemma F.4(ii), we may replace all B
except those in B — BH with BH to obtain

IVNT(a — a) — (Iyyy — BHH'B)[\/N/TEl; — VNT(B — BH)H ' f]
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(43)

+ BHVNT(B — BH)'d|| :op<m VI, ] )

+ +
J* VN /NT

by noting that J = o(v/N) and J/2=%) = o(v/NT/.J*). Similarly, given the rate
of H — H in Lemma F.15, we may replace all H except those in B — BH with H

to obtain

IVNT (& — a) — (Iya — BHH'B')[\/N/TE1y —VNT(B — BHYH'f]
VNT N VT P )
Jv VN VNT

+ BHVNT(B — BH)al| = O, ( (44)

Let Iyy = Y5, Q7'®(Z,)e;/v/NT. Given the rate of ||\/N/TEly — yr| in
Lemma F.13, we may replace N/TElT with /57 to obtain

IVNT(a — a) — Iy — BHH'B)[{yr — VNT(B — BH)YH ' f]

VNT VTJ T log T
oty T N (45)

+ BHVNT(B — BH)a|| = O, (

by noting that J/vNT = o(\/JE; log"/* J/N'/4). The arguments in (43)-(45) are
similar to those for the first result in Lemma F.13. Note that Ny is a JM x 1
vector from the first column of N. Thus, the first result of the theorem follows
from (45), Lemma F.14 and the second result of the theorem. |

PROOF OF THEOREM 4.1: Let us begin by defining some notation. For A; =
Ay = R(Z) + A(Z)f and g, let AF = (O(Z,)"®(Z,)) ' ®(Z,)" A, Let A* =
(A1,...,A%) and E* = (&%,...,&5). Then we have

Y* =all, + BF' + A* + E*, (46)

where 17 denotes a T x 1 vector of ones. Recall My = Iy — 171,./T. Post-

multiplying (46) by My to remove a, we thus obtain
Y*Myp = B(MpF) + A*Myp + E* My (47)

Recall that V us a K x K diagonal matrix of the first K largest eigenvalues of
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Y MY’ /T as defined in the proof of Theorem 3.1, H = F'MpE(F'MpF)~" and
F' My F /T =V as showed in the proof of Theorem 3.1. By the definitions of B*,
B* = Y*MpF(EF'MpEF)~'. We may substitute (47) to it to obtain

where in the first equality we have used F' My F /T =V and F =Y'B, in the sec-
ond equality we have substituted (34) into the equation, and D} = A*MyFB /T,
Dj = A*MyN' /T, D = A*MypE')T, D} = E*MyFB'/T, Di = E*MpE'/T and
D = E*MpA'/T. We can conduct the same exercise as in (40) to obtain

\VNT(B* — BH) — VNTD BV < VNT|V "o} D B|x
A ; JRT VT7
VRTBILV e 3 1D e = O ( T, ) (49)

j#4,5 ! P J \/N

where the equality follows by J = o(v/N), Lemmas F.18 and F.2(i). Let £y =
Y Qi ®(Z)"e(fi — [)'/VNT. Since J = o(v/N), JU*=%) = o(/NT/J*). By
the fact that |C'+ D||r < ||C||r+ || D||F, combining (49) and Lemma F.19 implies

. o \/NT VTJ  JTElog g
IVNT(B —BH)—ENTBBMHF:Op( N W + N ) (50)

Let Ly, = Zthl Qt_l[CI’(Zt) CI)(Zt)] t(fr f) /V = Lyr — Ln7. Note
that VNT(B* — B) = NT(B* — BH) — VNT(B — BH). By the fact that

|C'+ D|lr <||C|lr+ ||D||F, we now may combine (41) d (50) to obtain

A A VNT | VTJ  JTE logh* T
IVRT(B" - B) - LB BMIr = 0, (YT 4 Yo T o)

Note that Nj is a JM x K matrix from the last K columns of N*. Thus, the
second result of the theorem follows from (51) and Lemmas F.5 and F.20. We

now show the first result of the theorem. By the definition of a*,

0*—a=—B*(BYB)"YB*—BH)a+ (I;;— B*(B'B*)"'\B")(BH — B YH'f
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+ (IJM . E*(E*IB*)_lé*/)A*lT/T + (IJM . B*(é*lé*)_lé*,)E*lT/T, (52)

where H~! is well defined with probability approaching one by (C.1) and Lemma
F.2(ii), and we have used ¢/B = 0 and (I;y — B*(B¥B*)"'B*)B* = 0. Let
v =S, Q' ®(Z,)"e;/v/NT. By a similar argument as in (42)-(45), we have

|IVNT(a* — a) — (I;y — BHH'B) 05, — VNT(B* — BHYH ' f

VNT TJ JT&logt T
St i N2 (53)

+ BHVNT(B* — BH)a| = O, (

by noting that H'B'BH = Ix. Let Oy = YL, Q7 ®(Z,)" — ®(Z,))e;/VNT =
55— Unp. Note that VNT(a* —a) = VNT(a* —a) —VNT(d—a) and VNT(B* —
B) = VNT(B* — BH) — VNT(B — BH). By the fact that ||z +y|| < ||z + [[y],

we now may combine (45) and (53) to obtain

IVNT(a* — &) — Iy — BHH'B) [ty — VNT(B* — BYH ' f

VNT N VTJ T logt
Jr \/N N1/4 ’

+ BHVNT(B* — B)a|| = O, ( (54)
Note that Nj is a JM x 1 vector from the first column of N*. Thus, the first result
of the theorem follows from (54), the second result of the theorem and Lemmas
F.5 and F.20. This completes the proof of the theorem. |

PROOF OF THEOREM 4.2: In order to show the first result, we assume that Hy
is true. Since &(z;) = @'¢p(zi), B(zlt) = B’qﬁ(zit), alzy) = d'o(zi) +1r(zi) = ¥ zu
and ((zi) = B'¢(zit) + 6(zi) = [z, we have

1 N T
S= i Z Z (5 — ’Y)/Zit —(a— a)/¢(2it) + T(Zit)‘z

i=1t=1
1M .

+ 5 SIS NT —TH) 2z — (B — BH)' ¢(2i) + H'6(2i0) ||”

=1 t=1
1 N T
- J Z Z |(F — ’Y)/Zit —(a— a)/¢<zz’t)’2 + 81 + 285, + 283

.
I
—
~~
Il

1

(I —=TH) 2y — (B — BH) ¢(zi)||* + S + 285 + 2S5, (55)

+
<=
=

M=

@
Il
—

t=1
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where 81 =31, S3L [r(2i) 2/, Sa =300 Sy 25, (A=) (z) /T, Ss =200 Xy
O(zu) (@ — a)r(z)/J, Si = SIS HS(z)[12/ T, S5 = L, X, 74 ( —
TH)H' §(2)/J and Ss = SN, 7 ¢(2) (B — BH)H'6(24)/J. Let Wy =
(VNT(§ =), —VNT(a—a)), Wyrs = (VNT(I ~THY,—V/NT(B - BH)')',
Wyt = Wnra, Warp) and Q = S, S0 (2, 6(2)') (24, d(z)') INT. By
Lemma F.26, (55) implies

1 , A 1 / A
S — jWNT,aQWNTﬂ - jtr(WNT,B QWnr,B)
1 . A VNT
=5 - jtr(WNTQWNT) =0, <Jn+1/2> : (56)

A

Let Q@ = E[Q], W, = (G, -G,)', W = (G, —G}) and W = (W,, W), where
G, and Gr are given in Lemma F.27. By Lemmas F.27 and F.28 and Theorem
3.2, (56) implies

1 1
S — jW;QWa — jtr(WIBQWB)
1 ) VNT — JY3 & log g T
=S - jtr(W QW) = 0, (Jn+1/2 ™ N1/6 - N1/4 + N (57)

Let Wir, = (VNT/wo(3* —A), —\/NT/wo(@* — a)')', Wirs = (V NT Jwo(T* —
LY, —\/NT/wo(B* = BY), Wiz = Wira Wirs), Wi = (G, -Gy), Wy =
(GF, =Gp)' and W* = (W;, W), where G and Gt are given in Lemma F.29.
Then (20) can be written as §* = W]*V’T’GQW]’{,Tﬂ/J + tr(W}Q’T’BQW}QT’B)/J =
tr(Wi QW% p)/J. By Lemmas F.5, F.28 and F.29 and Theorem 4.1,

1 1
S = SWIQW] — —tr(W5 QW)
.1 I VNT  JV3 gty T
=5 jtr(W 'OW*) = O, (Jn+1/2 B v (58)

Let ynr = (VNTJ ™ 4 J¥S/NVS + \/JE log"* J/NV* + /T J/N)'/?, which
is o(1) by the assumption. Let ¢p;_ be the 1 — a quantile of tr(W*QW*)/J,
which is also the 1 — a quantile of tr(WQW)/J. Then in view of (58), Lemma
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A.1 of Belloni et al. (2015) implies that there exists a sequence {vyr} such that

VUNT = 0(1) and

P(c1-a < Co1-a-vyy — NT/VT) = 0(1), (59)
P(C1-0 > C01-atvnr + 81/ VI) = 0(1). (60)

Note that tr(W QW) = vec(W)' (Ix @ Q)vec(W). Since Q has rank not smaller
than JM — M and the variance of vec(Gg) has full rank, tr(W' QW) is bounded
below by a random variable with a chi-squared distribution with degree of freedom
JM — M multiplied by a constant, and above by a random variable with a chi-
squared distribution with degree of freedom JM multiplied by a constant. Thus,
it follows that

P(S < c1-a) < P(tr(WQW)/J < ¢1_q +nr/VT) + o(1)
<P tr(W W)/ J < Con-arvny + 287/VT) + 0(1)
(W/QW)/\/_ < \/_C() l1—atvnT + 2'7NT) + 0(1)

gl—a—l-VNT—l—o(l):l—a—i-o(l), (61)

where the first inequality follows since P(|S—tr(G'QG)/J| > ynr/VJ) = o(1) due
o (57), the second inequality follows from (60), and the fourth inequality follows
since vy = o(1) and tr(W QW) is bounded by chi-squared random variables. By
a similar argument, P(S > ¢1_,) < 1 —a +o(1). Therefore, the first result of the
theorem follows. To show the second result, we now assume that H; is true. Since
(z+y)* > 2%/2 — 2,

1 N T 2 N T
S>> __ _ 2 / 12
NS N >3 82 = H'B )l = 5 20 2 18n) = HB()
9 N T
+ NT ZZ 14 20 — a(zi)|? > co + 0,(1) for some ¢y > 0, (62)
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where the second inequality follows from Lemmas F.30 and F.31. We have

2J 9 4 N o N )
NT -Nﬂmgggy zﬂ-+Nﬂ%Z;gym 0)' 6 (z4)|
NTw (07 = D'zl + NTw Z I(B* = BYo(za)|I? = 0,(1), (63)

where the equality follows from Lemma F.32. In view of (63), Lemma A.1 of
Belloni et al. (2015) implies that 2¢;_oJ/(NT') = 0,(1). This together with (62)

thus concludes the second result of the theorem. [ ]

PROOF OF THEOREM 5.1: (A) Let 0, = \(Y MY /T) [ Apsr (Y M7Y")T). I K #
K, then there exists some 1 <k < K—1or K+1 <k < JM/2 such that 0 > 0.
Let JM/2 be the integer part of JM /2. Since MY MpY'/T) /A (Y MpY'/T) > 6y,
forall1 <k < K—1and A1 (Y MpY'/T) /A jaajo(Y MpY'/T) > 0 for all K+1 <
k < JM/2, the event of K # K implies the event of Ay (Y M7Y”/T) /A (Y MzY"/T)
> Ok or the event of )\K+1(?MT?’/T)/)\JMN(Y/MTY///T) > Ok. Thus,

. M (Y MpY'/T) A1 (Y MpY'/T)
PEFR =t (AK(Y/MT?’/H - 9K> o (AJM/Q(YMT?//T) - QK) e

By Lemmas F.38 and F.39, A\, (Y MzY"/T) /A (Y MzY'/T) = O,(1), 05 /N = C +
0,(1) for some positive constant C, and A 1(Y MY /T)/Ajar2(Y MyY')T) =
0,(1), since JM/2+1 < JM — K — 1 for large J. Thus, P(K # K) — 0.

(B) If K # K, then Ag_1 (Y MY’ /T) < Ant or Ag1(Y MpY'/T) > Anp. Thus,

P(K # K) < P (Ax 1(YMzY'/T) < Ayr) + P (Acsa (Y MpY'/T) > Ayr) . (65)

By Lemma F.38 and Ayr — 0, P()\K,l(}N/MT}N/’/T) < Anyr) — 0. For a matrix
A, let 01,(A) denote the kth largest singular value of A. Since A\,(AA") = (A),

A1 (Y MY T) = 0 (Y Mp/VT) = |k 1 (Y Mp/VT) = 0511 (BF My /NT)|?

1, s 2k, 2~ 1 J
< IV Mz = BOIFY | < ZIAI + Z1BIE =0, (75 + %)+ (66)
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where the second equality follows since the rank of B(MrF')" is not greater than K,
the first inequality follows by the Weyl’s inequality, the second inequality by (34)
and the Cauchy-Schwartz inequality, and the last equality follows from Lemmas
F.3(i) and (ii). Since Ayz min{N/J,J*} — oo, (66) implies P(Ag 41 (Y MzY'/T) >
Ant) — 0. This completes the proof of the theorem. [ |
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This online appendix is structured as follows. Appendix C presents auxiliary
results with proofs. Appendix D presents simulation results, and Appendix E
collects additional empirical results. Appendix F collects technical lemmas that
are needed in Appendix B and Appendix C, which is relegated to the arXiv version
(https://arxiv.org/abs/2112.07121) of this paper due to space limitation.

APPENDIX C - Auxiliary Results

C.1 A Preliminary Rate of Convergence

Theorem C.1. Suppose Assumptions A.1-A.J hold. Let a, B, F, a(-) and B()
be given in (10). Assume (i) N — oo; (1)) T — oo or T > K + 1 is finite; (iii)
J — oo with J = o(\/N). Then

1 J? J
N 2
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J— 2 — _ JEE— JR—
|B - BH|% =0, ((]25 +zt NT> ,

1, - 1o 1 J
FIE = PR =0, (5 + 5 )
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A , I CR )
Sgp|04(z) —a(2)|" =0, WJF N2 +ﬁ maXSUp|¢J( )"

. , ) 1 J3 J? 2
up13(z) ~ HB(E)I? = Oy gy + 3 + e | micsup [6,(2) -

Theorem C.1 is an intermediate step in proving Theorem 3.1, which provides

a preliminary convergence rate of a, B, F', a(-) and 5(-).

PROOF: By the Cauchy-Schwartz inequality and the fact that ||C+D|p < ||C||r+
|D||F and ||CD||r < [|C|l2|| D] F, (35) implies

2 2 —1(12 2 _
1B - BHIE < S| BIEIV-I3 (Z HDJ«HF> =0, (st t ) (€D

where the equality follows by Lemmas F.1 and F.2(i) and the fact that || Ds||p =
| Ds|| . By the Cauchy-Schwartz inequality and the fact that ||z +y| < ||z]|+ ||y||
and [|Az|| < [|Allz[l[, (36) implies

a—af* < 4 (1B — BHIalP + |BH - BIH |3 max |1

1 J? J>

L% 2 1 n 2
b0+ g lBel?) =0, (5 + b ) (€2

N2 NT

where the equality follows by (C.1), Assumptions A.2(ii) and A.4, and Lemmas
F.2(ii), F.3(i) and F.4(ii). By the Cauchy-Schwartz inequality and the fact that
|C+ Dl < |[Cllr + [ D]lF and [[CD|[p < |Cll2l|D|[r, (37) implies

1 A _ 4 _ A ~ ~ A
FIE = FHE) G < 2 (IFIBIE T IBIBH = Bllg+ 1A+ I1E]F) 1513

4 2 P2 2 1 J
+ ZIrlPIBH = Bl = 0, (75 + %) (€3)

where the equality follows from (C.1), Assumptions A.2(ii) and A.4, and Lemmas
F.2(ii), F.3(i) and (ii) by noting that J = o(v/N). Since 3(z) = B'¢(z) and
B(z) = B'o(2) + 4(2),

B(z) = H'8(z) = B'¢(2) — (BH)'¢(2) + H'S(2). (C4)



By the Cauchy-Schwartz inequality and the fact that ||z +y|| < =]+ |ly]|, ||Az|| <
[A[l2][z]] and [[Allz < [|All#, (C.4) implies

sup [|5(z) — H'B(2)||* < 2| B — BH|[%.sup [lo(2)[|* + 2[|H|[3sup [13(2)]

B WCRN & : os
=0y | gzt T 3 + g | maxsup (o), (C.5)
where the last equality follows from (C.1) and Lemma F.2(i) by noting that
sup, [[6(2)[* < KM? maXe<xmenr SUp, [Okm, s (2)]* = O(J7*) and sup, [|¢(z)[* <
2

JM max;<jsup, |¢;(2)]* due to Assumption A.2(iv). The proof of the second last

result is similar. This completes the proof of the theorem. |

C.2 Sufficient Conditions for Assumptions

We provide sufficient conditions for Assumptions A.1(i) and A.9(ii) in the following

two propositions, justifying that the two assumptions are not restrictive.

Proposition C.1 (Assumption A.1(i)). Suppose Assumptions A.5(ii) and (iii)
hold. Assume J > 2 and \/Té’?] logJ = o(N), where &; is given above Theorem
3.1. Then Assumption A.1(i) holds.

PROOF: Let Q; = E[Q,] Since vVT¢2logJ = o(N), by Lemma F.11,

T 1/4 1/4 1/2
R A T /%, log /= J
walQ- @l < (10~ Q) =0, (T2 — o). (C6)
By (C.6) and the Weyl’s inequality,
M0 Ain (@) — 0 Awin (@) | < max [|Qr — Qull2 = 0,(1) (C.7)
and
MAX Amax (Q) — MAX Amax(Qr)| < Max [|Qr — Qell2 = 0p(1)- (C.8)




The result of the lemma thus follows from (C.7) and (C.8) and Assumption A.5(ii)
by noting that min,<y Apnin(Q¢) > min;<n <7 Amin(Qir) and max;<p Amax(Qr) <
|

max;<nt<T )\max (ta) .

Proposition C.2 (Assumption A.9(ii)). Suppose Assumptions A.3(ii) and A.6(ii)
hold. Assume max;<y <1 Ele}] < 0o and there is 0 < Cs5 < oo such that

T T
n’é ZZ Eztgzs | < C15

Then Assumption A.9(ii) holds.

PROOF: By the independence condition and Assumption A.3(ii), Ele;cj:] = 0 for

1 # 7. Thus, we may have the following decomposition

T N

= ZZZ Z |cov( 5m5ks )|+ ZZZZ Z Z | Eleit ji€rs€es)|

=1 t=1s=11i=1 j#i k=1 {#£k
T T N N N
+2 Z Z Z Z Z |E[(512t - E[gz?t]>€ks€€s}|
=NT+T+7Ts (C.9)

T T N T T N
Ti=> Y > wvar(e;) <> Y > Ele;] < NT? max FE[e}], (C.10)
where the first inequality follows from var(e%) < FE[e}]. By the independence

condition and Assumption A.3(ii), Ele;ycjicrsces] = 0 unless ¢ = k and j = £ or

1 =/{and j = k given ¢ # j. It then follows that

2

M=

T T N N
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% t=1s=11=1 j#1
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N T T
S 2NZZZ |E[5it5is]|2 S 2N2 I&&}@(ZZ |E[5it€is]|27 (C]_l)

i=1t=1s=1 - t=1s=1

where the second equality follows by the independence condition, the first in-

equality follows since |E[e;e;5]|* > 0, the second inequality is due to the Cauchy-

Schwartz inequality. Again by the independence condition and Assumption
A3(ii), E[(e? — Ele}])ersces) = 0 for k # £, so T3 = 0. This together with
(C.9)-(C.11) and the assumptions thus concludes the result of the proposition. W

APPENDIX D - Monte Carlo Simulations

In this appendix, we conduct small-scale Monte Carlo simulations to examine the

finite sample performance of our estimators and tests.

We consider the following data generating process. We assume

a(zi) = 0z + 52%71 and [(zi) = (zit2 + 521-27572, 2213 + 252’2-21573)’ (D.1)

for 8 > 0and § > 0,s0 K =2 and M = 3. Here, a(-) = 0 when § = 6 = 0, and

both «a(z;;) and §(z;) are nonlinear functions of z; when § > 0. Let

Zit,1 = O * U1, g2 = 0-3Zi(t—1),2 + Ut 2 and Zit,3 = Uit 3, (D-Q)

where w;; = (Wit 1, Ui 2, Ui 3)" are ii.d. N(0,I3) across both ¢ and ¢, o,’s are i.i.d.
U(1,2) over ¢, and z;2’s are i.i.d. N(0,1). Here, all the entries of z; are varying
over t but in different ways. Let f; = 0.3f,_1 + n;, where n;’s are i.i.d. N(0, I)
and fo ~ N(0,Ix/0.91). For 0 < p < 1,

€t = PE4_1 T €4, (D3)

where ¢;’s are i.i.d. N(0, Iy) and gg ~ N (0, Iy /(1—p?)). Note that p is a measure
of weak dependence of ¢;; over t. Here, u;’s, o;’s, zio’s 0¢'s, fo, €/’s and gq are

mutually independent. We generate y;; according to the model (1).

- _ 2 2
To implement the regressed-PCA, we choose ¢(zit) = (21, 21, Zit2s it 2

zit73,zi27573)’ , so J = 2 and the sieve approximation error is zero. We let Ay =



1/1og(N) in the implementation of K. To implement the weighted bootstrap,
we let w;’s be i.i.d. random variables with the standard exponential distribution.
First, we investigate the performance of &, B, F, K and K under different (N, T)’s.
We run simulations for combinations of 6 = 0,0.1,0.2,...,1,6 =0,0.1,0.2,...,0.5
and p = 0,0.3,0.7. Here we report the results for # = 1, 6 = 0.5 and p = 0,0.3,0.7,
while the results for other values of # and ¢ are similar and available upon request.
Specifically, we report the mean square errors of @, B and F' in Table D.I, and
the correct rates of & and K in Table D.II. Second, we investigate the perfor-
mance of testing a(-) = 0 and linearity of a(:) and f(-). To test a(-) = 0, we
fix 0 = 0. Then «a(-) = 0 if and only if § = 0. We report the rejection rates for
6 = 0,0.01,0.02,...,0.1 under p = 0.3, while the results under p = 0 and 0.7 are
similar and available upon request. To test linearity of a(-) and 5(-), we fix § = 1.
Then a(-) and B(-) are linear if and only if 6 = 0. We report the rejection rates
for § = 0,0.01,0.02,...,0.1 under p = 0.3, while the results under p = 0 and 0.7
are similar and available upon request. The number of simulation replications is

set to 1,000 and the number of bootstrap draws is set to 499 for each replication.

The main findings are as follows. First, as shown in Table D.I, the mean square
errors of a, B and F' decrease as N increases, even for 7' = 10. This implies that
the estimators are consistent as N — oo even for small 7. While increasing T’
further reduces the mean square errors of a and B, it does not reduce the mean
square error of . Both findings are true regardless of whether p, so the results
allow for weak dependence of ¢;; over t. They are consistent with Theorems C.1
and 3.1. Second, as shown in Table D.II, K and K can correctly estimate K in
all cases except for some cases when both N and T are small. This is consistent
with Theorem 5.1. Third, both tests perform well. As shown in Table D.III, the
rejection rate of the first test may overreject a(-) = 0 a little bit for § = 0 when
N = 50, but can quickly approach the significance level 5% when N increases,
even for T' = 10. This implies that the test has size control as N — oo even
for small T'. As 6 increases, the rejection rate approaches one, even for T' = 10.
This implies that the test is consistent as N — oo even for small T'. We find that
increasing 7" may improve the power of the test (when 6 > 0, the rejection rate

increases as 7' increases for all V), but meanwhile it may hurt the size of the test



(for example, when 6 = 0, the rejection rate increases as T' increases from 10 to 100
for N = 200.) This can be explained by the requirement 7' = o(/N) in Theorem
4.2 or underlying in Theorem 4.1. As shown in Table D.IV, the second test has a
similar performance; the details are omitted. The findings of the second test are
consistent with Theorem 4.2. To sum up, the performance of our estimators and

bootstrap inference methods is encouraging for large N, even when 7' is small.

Table D.I. Mean square errors of @, B and F when 6 = 1 and § = 0.5

(N.T) p f 0 ] P :A0.3 ] p :AO.7 ]

a B F a B F a B F
(50,10)  0.0077 0.0154 0.0394 0.0088 0.0170 0.0435 0.0171 0.0295 0.0799
(100,10) 0.0034 0.0064 0.0168 0.0039 0.0071 0.0186 0.0075 0.0127 0.0336
(200,10)  0.0016 0.0030 0.0079 0.0018 0.0034 0.0087 0.0033 0.0058 0.0155
(500,10)  0.0006 0.0012 0.0030 0.0007 0.0013 0.0033 0.0013 0.0022 0.0060
(50,50)  0.0012 0.0022 0.0423 0.0014 0.0025 0.0466 0.0028 0.0049 0.0842
(100,50)  0.0005 0.0009 0.0184 0.0006 0.0010 0.0203 0.0012 0.0019 0.0365
(200,50)  0.0002 0.0004 0.0086 0.0003 0.0004 0.0095 0.0006 0.0008 0.0170
(500,50)  0.0000 0.0001 0.0033 0.0001 0.0002 0.0037 0.0002 0.0003 0.0065
(50,100)  0.0005 0.0010 0.0431 0.0006 0.0011 0.0473 0.0013 0.0024 0.0850
(100,100) 0.0002 0.0004 0.0187 0.0003 0.0004 0.0206 0.0006 0.0008 0.0370
(200,100) 0.0001 0.0002 0.0087 0.0001 0.0002 0.0096 0.0003 0.0003 0.0172

(500,100) 0.0000 0.0001 0.0034 0.0000 0.0001 0.0037 0.0001 0.0001 0.0066

t The mean square errors of a , B and F are given by 3129 |a(®) —a||2/1000, 2120 | B —
BH®||%/1000 and Y120 | F© — F(H®")=1)|2./1000T, where a), B®) and F© are
estimators in the £th simulation replication, and H® = (F' MpF©O)(FO MpFO)1 jg
a rotational transformation matrix.



Table D.II. Correct rates of KX and K when §# = 1 and § = 0.5

(N,T) p= 0 ~ pr= 0.3~ pr= 0.7~

K K K K K K
(50, 10) 0.999  1.000 0.999  1.000 0.994 1.000
(100, 10) 1.000  1.000 1.000  1.000 0.999  1.000
(200, 10) 1.000  1.000 1.000  1.000 1.000  1.000
(500, 10) 1.000  1.000 1.000  1.000 1.000  1.000
(50, 50) 1.000  1.000 1.000  1.000 1.000  1.000
(100, 50) 1.000  1.000 1.000  1.000 1.000  1.000
(200, 50) 1.000  1.000 1.000  1.000 1.000  1.000
(500, 50) 1.000  1.000 1.000  1.000 1.000  1.000
(50, 100) 1.000  1.000 1.000  1.000 1.000  1.000
(100, 100) 1.000  1.000 1.000  1.000 1.000  1.000
(200, 100) 1.000  1.000 1.000  1.000 1.000  1.000
(500, 100) 1.000  1.000 1.000  1.000 1.000  1.000

Table D.III. Rejection rates of testing a(-) = 0 when § = 0 and p = 0.3

0

(NT) 0 001 0.02 0.03 004 0.05 0.06 0.07 0.08 0.09 0.1
(50,10)  0.089 0.096 0.117 0.150 0.186 0.222 0.283 0.349 0.435 0.512 0.593
(100,10) 0.096 0.113 0.133 0.184 0.274 0.383 0.502 0.616 0.727 0.827 0.904
(200,10)  0.057 0.080 0.162 0.270 0.442 0.628 0.790 0.901 0.970 0.990 0.999
(500,10)  0.048 0.099 0.297 0.573 0.822 0.951 0.994 1.000 1.000 1.000 1.000
(50,50)  0.094 0.129 0.232 0.415 0.615 0.784 0.915 0.978 0.997 0.998 1.000
(100,50)  0.085 0.165 0.391 0.691 0.913 0.989 0.998 1.000 1.000 1.000 1.000
(200,50)  0.073 0.235 0.643 0.941 0.996 1.000 1.000 1.000 1.000 1.000 1.000
(500,50)  0.052 0.451 0.960 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(50,100) 0.089 0.151 0.360 0.693 0.901 0.985 0.999 1.000 1.000 1.000 1.000
(100,100) 0.076 0.256 0.685 0.956 0.997 1.000 1.000 1.000 1.000 1.000 1.000
(200,100) 0.073 0.381 0.925 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(500,100) 0.059 0.737 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

t The significance level a = 5%.



Table D.IV. Rejection rates of testing linearity of a(-) and 5(-) when # = 1 and p = 0.3}

o
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
(50,10)  0.086 0.097 0.158 0.288 0.464 0.641 0.801 0.910 0.963 0.990 0.998
(100,10)  0.080 0.130 0.309 0.565 0.839 0.962 0.993 1.000 1.000 1.000 1.000
(200,10)  0.058 0.181 0.555 0.932 0.995 1.000 1.000 1.000 1.000 1.000 1.000
(500,10)  0.038 0.397 0.963 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(50,50)  0.093 0.248 0.669 0.965 0.999 1.000 1.000 1.000 1.000 1.000 1.000
(100,50)  0.100 0.443 0.966 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(200,50)  0.070 0.771 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
( )
( )

(N,T)

500,50) 0.047 0.998 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
50, 100 0.096 0.459 0.971 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(100,100) 0.085 0.846 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(200,100) 0.066 0.994 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(500,100) 0.057 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

t The significance level a = 5%.

APPENDIX E - Additional Empirical Results

In this appendix, we provide the additional results for Section 6. In Table E.I,
we report the estimates from the nonlinear specification with 12 characteristics
and two knots. Overall, the results are pretty close to those from the nonlinear
specification with 18 characteristics and one know, both of which show the advan-
tage of nonlinear model over the linear model. In Table E.II-E.IV, we report the
estimation results by imposing the restriction a(-) = 0. In contrast, when alpha
is restricted to be zero, increasing the number of factors does improve the out-of
sample fit for the cross-section of expected returns, Ry r o, while both the total
and the time-series out of sample fit measures, R and Rp ;. y, are hump-shaped
in the number of factors, peaking around three or four factors, depending on the
specification of 5(-) (naturally, these measures are small since they are not meant

to capture month-to-month variation in returns by design).

We visualize the results of nonlinear specification with 12 characteristics and



two knots in Figure E.1. Similarly, we also find the associated nonlinear and
upward sloping exposure to the second extracted factor and the opposite curve
slopes from the linear and nonlinear specifications for investment and profitability
compared to the linear case. Overall, the conclusions drawn based on the estimates
from this nonlinear specification are consistent with the findings from the nonlinear

specification with 18 characteristics and one knot.

We further investigate the nonlinearity and contributions of each individual
characteristic to pricing errors and risk exposures, we report coefficient estimates
for three different specifications in Tables E.V-E.VII. We examine the significance
of each individual term in ¢(z;) by the weighted bootstrap in Section 4.1. We
find 26 to be significant in the linear specification. We find 22 characteristics to
have a significant effect on alpha in the linear specification. The findings indicate
that most of the characteristics contain relevant information about both pricing
errors and risk exposures (rather just one or the other). In the nonlinear cases,
we find that almost all the sieve coefficients are significant, which indicates that

it is necessary to introduce the nonlinear terms.

Finally, we provide the factor correlation matrices for extracted factors with
6 popular existing factors in Table E.VIIL. The extracted factor from the linear
specification is almost uncorrelated with the market excess return factor, while the
extracted factors from the nonlinear specifications have much higher correlations
with the market excess return, SMB, and RMW. This implies that the extracted
factors based on the nonlinear specifications can be expanded well by the observed
factors. In contrast, the single factor from the linear specification may not be well
explained by the existing important factors. Further, it is noteworthy to point
out that the fourth factor in all three specifications is highly correlated with MKT
and SMB, although is not a common factor that is selected by the formal tests.
Finally, we find that the correlation of extracted factors with MOM is negative
for the first two to four factors, shifting to positive for the third factor in the
linear case and the fifth (and some of the higher-order) factors in the nonlinear
cases. Finally, we also find that the single factor from the linear specification and
the first extracted factors from the nonlinear cases are highly correlated, and the

second extracted factors from the nonlinear cases are also highly correlated, which

10



shows the robustness of our model estimation.

Table E.I. Results under piecewise linear specifications of a(-) and /5(-) with 12
characteristics and two internal knots!

Unrestricted (a(-) # 0)
K R, R Ry, Ry R} Ry Ry, Mean Std SR
1 4278 557 298 332 519 254 283 329 0.99 3.33
2 6136 956 597 687 918 551 626 3.01 0.80 3.78
3 67.77 1059 6.65 7.88 10.20 6.15 729 294 0.80 3.69
4 72.86 13.62 10.09 11.35 13.17 9.64 10.67 297 0.78 3.81
) 76.92 14.14 10.43 12.01 13.73 10.01 1148 298 0.76 3.91
6 80.63 14.94 11.45 12.75 14.42 10.51 12.05 1.51 041 3.73
7
8
9

84.29 15.17 11.59 1294 14.76 10.77 12.447 1.01 0.33 3.09
87.42 1545 11.87 13.23 1526 11.47 1298 0.73 0.22 3.36
89.11 16.33 12.68 13.94 16.16 1231 13.72 0.71 0.20 3.62
10 90.72 16.54 1291 14.17 16.38 1254 1395 0.69 0.18 3.90

K RzO R%“,N,O R?\T,T,O Pa Plin
1-10 0.57 0.57 027 <1% < 1%

T K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R%/ = 20.72%; R%( measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA;
R%, R%N, R%\/,T‘ various in-sample R?’s (%), see (24)-(26); Rfc, R%T’N, R%N,T:
various in-sample R?’s (%) without a(-), see (27)-(29); R%, R%7N7O, R?\LT,O: var-
ious out-sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annual-
ized means of the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized
standard deviations of the pure-alpha arbitrage strategy(%); SR: out-of-sample
annualized Sharpe ratios of the pure-alpha arbitrage strategy; p, and py, are the
p-values of alpha test (a(-) = 0) and model specification test (joint linearity of o(-)
and ((-)), separately.

11



Table E.II. Results under linear specification of 3(-) with 36 characteristics'

Restricted (a(-) = 0)

K R% R®RiyRyr R} Ripy Riny RY Rino Riro Mean Std SR

1 26.62 NA NA NA 214 058 0.06 020 0.09 0.07 NA NANA

2 3648 NA NA NA 418 1.72 137 028 0.34 0.02 NA NANA
3 4510 NA NA NA 532 298 230 026 0.31 0.01 NA NANA
4 52,62 NA NA NA 1145 8.03 8.86 0.31 0.39 -0.01 NA NANA
5 5872 NA NA NA 11.69 818 9.10 0.36 0.47 -0.04 NA NANA
6 6428 NA NA NA 13.85 10.06 11.58 0.38 0.47 -0.11 NA NANA
7 69.26 NA NA NA 15.20 11.71 13.17 0.40 0.50 -0.13 NA NANA
8 7298 NA NA NA 1553 11.99 13.44 0.41 0.53 -0.13 NA NANA
9 7640 NA NA NA 15.73 12.15 13.68 0.40 0.53 -0.08 NA NA NA
10 79.29 NA NA NA 1590 12.37 13.85 0.41 0.51 -0.06 NA NA NA
K Piin

1-10 < 1%

I K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R%/ = 20.89%; R7- measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA; R?,
R% N R?V,TZ various in-sample R?’s (%), see (24)-(26); R?, R?cm N R% Nt various
in-sample R?’s (%) without a(-), see (27)-(29); R, R% v o, R12\7,T,O: various out-
sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annualized means of
the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized standard devi-
ations of the pure-alpha arbitrage strategy(%); SR: out-of-sample annualized Sharpe
ratios of the pure-alpha arbitrage strategy; pi, is the p-value of model specification
test (the linearity of 5(-)).
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Table E.III. Results under continuous piecewise linear specification of 3(-) with
18 characteristics and one internal knot!

Restricted (a(-) = 0)
K R: R®RiyRi, R® R,y R:y; R3 R2yo R3po Mean Std SR
1 41.75 NA NA NA 561 3.00 3.14 030 0.34 -0.12 NA NANA
2* 5920 NA NA NA 9.14 556 6.26 0.34 0.30 -0.38 NA NA NA

3 65.00 NA NA NA 980 6.24 7.12 0.60 0.76 029 NA NANA
4 70.17 NA NA NA 10.79 7.23 837 0.60 0.80 0.19 NA NANA
5 7444 NA NA NA 14.28 10.57 11.98 0.52 0.66 0.29 NA NA NA
6 7739 NA NA NA 14.58 10.88 12.18 0.52 0.63 0.22 NA NANA
7 80.12 NA NA NA 1491 11.07 12.61 0.53 0.58 0.22 NA NANA
8 8236 NA NA NA 1543 11.93 13.17 0.54 0.57 027 NA NANA
9 84.34 NA NA NA 15.80 12.28 13.45 0.53 0.54 0.27 NA NANA
10 86.23 NA NA NA 1594 12.37 13.59 0.53 0.54 0.27 NA NA NA
K Piin

1-10 < 1%

T K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R%/ = 21.11%; R?%- measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA; R?,
R% N R%V,T‘ various in-sample R?’s (%), see (24)-(26); R;, R?C,T, N R% N7t various
in-sample R?’s (%) without «(-), see (27)-(29); R, R%MO, R12V,T,O3 various out-
sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annualized means of
the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized standard devi-
ations of the pure-alpha arbitrage strategy(%); SR: out-of-sample annualized Sharpe
ratios of the pure-alpha arbitrage strategy; pi, is the p-value of model specification
test (the linearity of 5(-)).
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Table E.IV. Results under continuous piecewise linear specification of 3(-) with
12 characteristics and two internal knots'

Restricted (a(-) = 0)
K R. R?R:2, R? R?2 R? R? R% R? R? M Std SR
K TN iy Ay TN e N7 o Lip N o iy o Vean

1 4295 NA NA NA 534 259 290 032 0.34 -0.10 NA NANA
2 6158 NA NA NA 9.12 545 6.15 0.33 0.21 -0.56 NA NANA
3 68.02NA NA NA 10.15 6.08 7.25 0.62 0.68 0.16 NA NANA
4 7408 NA NA NA 10.77 6.99 7.98 0.57 0.65 024 NA NANA
5 7898 NA NA NA 14.15 1049 11.93 0.55 0.57 0.23 NA NANA
6 82.66 NA NA NA 14.43 10.68 12.32 0.56 0.53 0.23 NA NA NA
7 8544 NA NA NA 14.93 11.31 12.76 0.55 0.55 0.25 NA NA NA
8 87.85 NA NA NA 1537 11.78 13.13 0.56 0.54 027 NA NANA
9 89.53 NA NA NA 16.28 12.57 13.85 0.56 0.52 0.27 NA NANA
10 91.13 NA NA NA 1649 12.78 14.08 0.57 0.55 0.27 NA NA NA
K Piin

1-10 < 1%

T K: the number of factor specified (* denotes the estimated one by our methods);
Fama-MacBeth cross sectional regression R?: R%, = 20.72%; R3%- measures the vari-
ations of managed portfolios captured by different numbers of factors from PCA; R?,
R% N R%V,T‘ various in-sample R?’s (%), see (24)-(26); R;, R?C,T, N R% N7t various
in-sample R?’s (%) without «(-), see (27)-(29); R, R%MO, R12V,T,O3 various out-
sample predictive R?’s (%), see (30)-(32); Mean: out-of-sample annualized means of
the pure-alpha arbitrage strategy(%); Std: out-of-sample annualized standard devi-
ations of the pure-alpha arbitrage strategy(%); SR: out-of-sample annualized Sharpe
ratios of the pure-alpha arbitrage strategy; pi, is the p-value of model specification
test (the linearity of 5(-)).
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Figure E.1. Characteristics-alpha and characteristics-beta plots under continuous
piecewise linear specifications of «(-) and B(-) with 12 characteristics and two

internal knots
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Table E.V. Characteristics with linear specifica-
tions of a(-) and B(-)

Char Alpha Beta
a2me 0.0034 —0.2356***
assets —0.0048*** 0.5638***
ato —0.0023* 0.0398***
bm 0.0045** —0.0885***
beta —0.0056*** 0.0829***
bidask 0.0004 0.0336***
c 0.0017*** 0.0079
cto —0.0013 —0.0426*
d2a 0.0047*** 0.0221***
dpi2a —0.0017* —0.0109
e2p —0.0034*** 0.0067
fc2y 0.0000 0.0372%**
free_cy 0.0019*** —0.0133*
idiovol —0.0075*** —0.0077
invest —0.0019** 0.0003
lev —0.0012 —0.0200**
mktcap —0.0022*** —0.7576***
turn 0.0075*** 0.0532***
noa —0.0036*** 0.0217*
oa —0.0007 —0.0083
ol 0.0041* 0.0466*
pcm 0.0064*** —0.0320*
pm 0.0020 0.0319**
prof 0.0008 —0.0341*
q —0.0027 —0.0552**
wb2h 0.0014* —0.0374***
rna 0.0008 —0.0074
roa 0.0015 —0.0370**
roe 0.0041*** 0.0295**
moim 0.0078*** —0.0202*
intmom 0.0010 0.0072
strev —0.0272*** —0.0512***
ltrev —0.0031*** —0.0629***
s2p 0.0044** —0.0151
sga2m —0.0008 0.0291
suv 0.0143*** 0.0147***

Constant 0.0060"** 0.0829***

T Char = characteristic; ***: p—value < 1%; **:
p—value < 5%; *: p—value < 10%.
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Table E.VI. Characteristics with nonlinear specifications of a(-) and §(-) with 18 characteristics and one internal

knot'
Alpha Betal Beta?2

Char

By By By By By By
assets 0.0013** —0.0043*** 0.0975*** 0.2703** —0.2603**  —0.5175"**
ato —0.0002 —0.0005 0.0193*** 0.0168* —0.0058 —0.0356**
bm 0.0069** 0.0098*** —0.0606"*  —0.1212*** 0.0416** 0.0761**
beta —0.0009** —0.0085*** 0.0466*** 0.1293** 0.0562** 0.1740**
d2a 0.0037* 0.0051*** 0.0197** 0.0175** —0.0175** —0.0375**
idiovol 0.0030***  —0.0085*** —0.0133*** 0.0186*** 0.0003 —0.0078
invest 0.0000 —0.0033*** —0.0316"*  —0.0189*** —0.0060 0.0197**
mktcap —0.0088***  —0.0023*** —0.2815"*  —0.5338*** 0.2094** 0.4082***
turn 0.0072** 0.0064*** 0.0282*** 0.0328*** 0.0343** 0.1099**
noa —0.0012** —0.0056*** —0.0030 —0.0019 —0.0183** —0.0238"**
pcm 0.0010* 0.0044** —0.0047 —0.0061 —0.0294**  —0.0551***
prof 0.0022** 0.0027*** —0.0257*  —0.0479** 0.0452** 0.1033***
wbH2h —0.0049** 0.0018* —0.1087**  —0.0823*** —0.1042%*  —0.0984***
roe 0.0058*** 0.0061*** —0.0427*  —0.0228"** —0.0739"*  —0.0801***
mom 0.0063*** 0.0090*** —0.0835**  —0.0799*** —0.0804**  —0.1060***
strev —0.0140**  —0.0255*"** —0.0458***  —0.0993*** —0.0785"*  —0.1252***
ltrev —0.0018*  —0.0028*** —0.0974**  —0.1033*** —0.0744**  —0.0706***
suv 0.0042** 0.0143*** —0.0048 0.0089** —0.0029 —0.0016
Constant —0.0039** 0.6643*** 0.5443**

T Char = characteristic; ***: p—value < 1%; **: p—value < 5%; *: p—value <
corresponding to the i-th sieve basis function.

10%. B; is the estimated coefficients
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Table E.VII. Characteristics with nonlinear specifications of a(-) and §(+) with 12 characteristics and two internal knots'

Char Alpha Betal Beta?2

B By B3 B By B3 B By B3
assets 0.0002 0.0011**  —0.0059*** 0.0782**  0.0780***  0.2297***  —0.2479"* —0.2104™* —0.4264™**
bm 0.0079***  0.0066***  0.0096***  —0.0731"* —0.0671"* —0.1236™** 0.0675***  0.0507***  0.1005***
beta —0.0024***  —0.0017*** —0.0102*** 0.0614**  0.0404**  0.1378*** 0.0669***  0.0403***  0.1941***
idiovol 0.0018**  0.0021*** —0.0095*** 0.0004 —0.0201*  0.0381**  —0.0064 0.0110*  —0.0175*
invest 0.0001 0.0012**  —0.0063***  —0.0369** —0.0363"** —0.0219**  —0.0392*** —0.0401*** —0.0161**
mktcap  —0.0113"** —0.0063*** —0.0005 —0.2845***  —0.2625"** —0.4995*** 0.2184*  0.2057***  0.3388***
turn 0.0068***  0.0066™*  0.0058*** 0.0310***  0.0288***  0.0392*** 0.0621***  0.0578***  0.1398***
prof 0.0048***  0.0038***  0.0052**  —0.0318"* —0.0198"** —0.0458"** 0.0307**  0.0254**  0.0784***
mom 0.0077***  0.0070***  0.0129***  —0.1411"* —0.1096"** —0.1179"*  —0.2299*** —0.1928*** —0.2641***
strev —-0.0165*** —0.0110"** —0.0251"*  —0.0788™* —0.0522"* —0.1243"*  —0.1241*** —0.0980*** —0.1697***
ltrev —0.0003 0.0004 —0.0008 —0.1164** —0.0933*** —0.1132"**  —0.0848"* —0.0782"* —0.0740***
suv 0.0051**  0.0039***  0.0153***  —0.0031 —0.0030 0.0109***  —0.0060 —0.0013 —0.0043
Constant  —0.0029*** 0.6074*** 0.4194**

¥ Char = characteristic; ***: p—value < 1%; **: p—value < 5%; *: p—value < 10%. B is the estimated coefficients corresponding to the

i-th sieve basis function.



Table E.VIII. Factors correlation’

MKT SMB HML MOM RMW CMA

Linear specifications with 36 characteristics

Factorl 0.02 0.11 0.10 -0.36 -0.11 0.02
Factor 2 0.26 0.26 0.05 -0.16 -0.20 -0.02
Factor 3 -0.26 -0.22 -0.05 0.18 0.11 0.07
Factor 4 0.58 046 -0.33 -0.06 -0.30 -0.30
Factor 5 0.10 0.05 -0.15 0.05 0.01 -0.16
Factor 6 0.32 0.24 -0.13 -0.04 -0.20 -0.13
Factor 7 0.30 0.19 0.02 -0.16 -0.09 -0.10
Factor 8 -0.04 -0.05 0.21 -0.41 0.14 0.16
Factor 9  0.02 0.03 -0.08 0.29 -0.06 -0.03
Factor 10 -0.03 0.01 0.13 0.01 0.09 0.08

Nonlinear specifications with 18 characteristics

Factorl 0.24 0.37 0.07 -0.37 -0.30 -0.02
Factor2 041 031 -0.37 -0.09 -0.30 -0.29
Factor 3 -0.22 -0.11 0.45 -0.50 0.23 0.33
Factor 4 048 0.21 -0.04 -0.34 -0.15 -0.18
Factor 5 -0.12 -0.01 -0.25 0.14 -0.06 -0.10
Factor 6 0.07 -0.21 -0.04 0.09 0.08 -0.08
Factor 7 -0.15 -0.22 -0.09 -0.12 -0.06 -0.03
Factor 8 -0.01 -0.08 0.14 0.05 0.09 0.05
Factor 9 -0.17 0.03 0.08 0.10 0.10 0.09
Factor 10 -0.21 -0.04 0.11 0.07 0.06 0.06

Nonlinear specifications with 12 characteristics

Factorl 022 0.36 0.05 -0.32 -0.32 -0.01
Factor2 0.39 0.31 -0.27 -0.34 -0.26 -0.26
Factor 3 -0.19 -0.19 0.49 -0.57 0.25 0.30
Factor 4 0.50 0.21 -0.12 -0.13 -0.16 -0.24
Factor 5 -0.04 -0.15 -0.11 0.12 -0.02 -0.07
Factor 6 -0.20 -0.20 -0.14 0.08 0.06 -0.07
Factor 7 -0.05 -0.04 0.16 0.00 0.12 0.04
Factor 8 -0.04 0.19 0.28 0.18 0.06 0.22
Factor 9 0.27 0.06 0.18 0.11 -0.14 0.16
Factor 10 0.17 -0.27 1922 -0.06 0.21 -0.20

f MKT: market excess return; SMB: “small minus big” fac-
tor; HML: “high minus low” factor; MOM: “momentum”
factor; RMW: “robust minus weak” factor; CMA: “con-
servative minus aggressive” factor. The highlighted ones
are selected factors.
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This technical appendix collects technical lemmas, which are needed in Ap-

pendix B and Appendix C.

APPENDIX F - Technical Lemmas

F.1 Technical Lemmas for Theorem C.1

Lemma F.1. Let Dy, Do, D3, Dy, D5 be given in the proof of Theorem C.1.
(i) Under Assumptions A.1(i), A.2(i), (ii) and (iv), |D1]|3 = O,(J ).

(ii) Under Assumptions A.1(i), A.2(ii) and (iv), ||Ds||3 = O,(J~*).

(iii) Under Assumptions A.1, A.2(ii), (iv) and A.3, ||Ds||% = O,(J~*J/N).
(iv) Under Assumptions A.1, A.2(i), (ii) and A.3, || Dy||% = O,(J/NT).

(v) Under Assumptions A.1 and A.3, | Ds||3 = O,(J*/N?).

PrOOF: (i) Since |[My|ls = 1, |Dillr < ||Bl2||F|l2|All#/T. The result then

immediately follows from Assumptions A.2(i), (ii) and Lemma F.3(i).

(i) Since ||Mz|s = 1, | Ds||r < ||A||%/T. The result then immediately follows

from Lemma F.3(i).
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(iii) Since |[Mz|ls = 1, || Ds|lr < ||A||¢||E||#/T. The result then immediately

follows from Lemma F.3(i) and (ii).

(iv) Since | Dyllp < ||Bll2||EMpF | #/T, the result then immediately follows
from Assumption A.2(i) and Lemma F.3(iii).

(v) Since ||Mz||s = 1, | Ds||r < ||E||%/T. The result then immediately follows
from Lemma F.3(ii). [ |

Lemma F.2. Suppose Assumptions A.1-A.3 hold. Let V be given in the proof
of Theorem C.1. Assume (i) N — oo; (it) T — oo or T > K + 1 is finite;
(iii) J — oo with J = o(\/N). Then (i) |V]l2 = O,(1), |[V"2 = O,(1), and
1Hll2 = Op(1); (i) |[H |2 = Op(1), if | B — BH||r = 0,(1).

Proor: (i) Let D; = D, and Dy = D,. Then by (34), YMyY'/T =
BF'MrFB'/T + Y}_, D;, where Dy, ..., Dg are given below (34). By the fact
that [[C'+ D|r < |Cllr + | D],

L. s 1 J VI
YMyY'/T — BF My FB'/T||r < Dil|lrp,=0,| —+ =+ — F.1
VAT oFBTle < U0 =0, (52 + 5+ )+ ()

j=1
where the equality follows by Lemma F.1 and the fact that ||Dg||r = ||Ds|F,
|D7||r = || D1||F and || Ds||r = || D4||r- Let V be a K x K diagonal matrix of the

eigenvalues of (F'MpF/T)B'B, which are equal to the first K largest eigenvalues
of BF'MpFB'/T. By the Weyl’s inequality and the fact that ||Alls < || A F,

1 J VT

VvV — <\W\YM;Y'/T — BE'M+FB' /T|ly =0, | — + — + —~2_|. (F.2
IV =V < 17 M7 BTl =0y (5 + 5+ R ) (B2

Thus, |[V]2 = Oy(1) and [[V7Yls = A\ (V) = O,(1) follow from (F.2) and
Assumptions A.2(i)-(iii). Let H® = (F'MpF/T)B'BV-'. Recall that H =
(F'MpY'B/T)V~". Then by the fact that ||Al|y < ||A||r and || Mg, = 1,

. ) _ . I
H— H°|ly < (| Fl2]|A EMrF|[p)|BlollV e = Op | 5 + ==, (F:3
n lo < ZUFIIA L+ | EMFI BV p(ﬁ+\ﬁﬁ>’(:

where the equality follows from the second result in (i), Assumption A.2(ii) and
Lemmas F.3(i) and (iii). Since |[H®||y < ||F'MpF/T||3||B|l2|| B2V |2, the third
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result in (i) follows from (F.3), the second result in (i) and Assumptions A.2(i)
and (ii).

(if) By the fact that [[C'+ D|[r < [|Clr + |[D|[r and [[CD]|lr < [|Cll2|| D],
|B'B — H'B'BH||r < ||B|l2||B — BH|p + |B — BH| rl|Blo||Hll>.  (F.4)

Thus, Ix —H'B'BH = 0,(1) by Assumption A.2(i) and ||H||» = O,(1). It then fol-
lows that I —A\min(B'B)H'H is negative semidefinite with probability approaching
one, since H'B'BH — A\uin(B'B)H'H is positive semidefinite. So, the eigenvalues
of H'H are not smaller than ! (B'B) with probability approaching one. Thus,
the result in (ii) follows from Assumption A.2(i). [ |

Lemma F.3. Let A and E be given in the proof of Theorem C.1.

(i) Under Assumptions A.1(i), A.2(ii) and (iv), |Al|%/T = O,(J~2%).

(ii) Under Assumptions A.1 and A.3, |E||%/T = O,(J/N).

(iii) Under Assumptions A.1, A.2 (i) and A.3, |EMpF||%/T = O,(J/N).

PROOF: (i) By the fact that [|Az|| < ||A|l2]|z]| and [|All2 < ||A] .

FIAIE = 7 S 12 0(20) " 0(Z) (R(Z) + AZ) S

AN ZT
2 . ) - 2

v2 (@) 7 IR =0, (). (F3)

where the last line follows from Assumptions A.1(i), A.2(ii) and Lemma F.4(iii).
(ii) By the fact that ||Az| < ||All2]z],

FIEI: = 5 3 N0(2) @(Z0) 0z =)

T

< (miphn(@) grp X100, (5). (o)

=1

where the last equality follows from Assumption A.1(i) and Lemma F.4(i).

3



(iii) By the fact that ||C'+ D||r < ||C||r + || D]/ F,

2

L= 2 -1
THEMTFHF N2T @ Zt gtft p
2
2||f||2 J
N2T ZQt ICI) &l =0p (N) ) (F.7)
where the equality follows from Assumption A.2(ii) and Lemma F.4(ii). [ |
Lemma F.4. (i) Under Assumptions A.1(ii) and A.3,
T
> 12(Z0)el|* = Op(NTJ).
t=1
(ii) Under Assumptions A.1, A.2(ii) and A.3,
2 T 2

T A
_1(1)(Zt)/€tft/

= O,(NTJ) and

F

D7 0(Z,) e|| = O,(NT).

(7ii) Under Assumption A.2(iv),

D IAZ)E = Op(NTJ™*) and 3 ||R(Z)|* = Op(NTJ 7).

t=1 t=1

PROOF: (i) The result follows by the Markov’s inequality, since

T T N N
2 [ZH@ Z) etM B[S 3 6lan) d(zn)euc
t=1 t=1i=1j=1

T N N
< ax ElloG)lP1 2330 [Eleusll

t=11i=1j=1

<TJM max E[¢3(zit.m) maxzz |Eleacjt])| = O(NTJ), (F.8)

m<M,j<Ji<N<T <T = o

where the second equality follows by the independence in Assumption A.3(i), the



first inequality is due to the Cauchy Schwartz inequality, the second inequality
follows since max;<y <1 E[||¢(zi)[|?] < JM max,,<nrj<i<ni<r E[gb (zit,m)], and

the last equality follows from Assumptions A.1(ii) and A.3(iii).
(ii) Let E. be the expectation with respect to {&;};<7. Since ||Al|% =tr(AA’),

2

T
ZQ ‘o Zt 5tft

t

E. =E;

T T N N R .
tr (Z > > Qt_1¢(Zit)€itft’f55js¢(zjs)'Qs_l)]

F t=1s=1i=1 j=1

T:; N N
=3NS (en) Qr QT bz fLfs Bleue )

t=1s=11i=1j=1
2T T N N
< mas LA (ip e @) 3032525 ot o 1B ussl, (9
< < e o
where the second equality follows by the independence in Assumption A.3(i) and
the fact that both expectation and trace operators are linear, and the inequality
follows by the fact that ||Az| < ||Al2||z]]. Moreover,

222 > lleGa)llllé(zia) 1 Elewe;sl

E

N N T
< JM e 2OX E[¢?(zitm)] Z Z > |Elsaess]l, (F.10)

where the first inequality is due to the Cauchy-Schwartz inequality, and the second
one follows since max;<y <t E[[|¢(2i)]|*] < JM maxpm<nrj<si<ni<r B3 (Zim)]-
Combining (F.9) and (F.10) implies that E.[|| X7, Q7 *®(Z,) e f/||%] = Op(NT.J)
by Assumptions A.1, A.2(ii) and A.3(iii). Thus, the first result of the lemma
follows by the Markov’s inequality and Lemma F.5. The proof of the second

result is similar.

(iii) The first result follows since

<K,m<M

T
YIA(ZY) |7 < NTKM? ,ax - sup k.7 (2)]> = O, (NTJ %), (F.11)
t=1 #



where the inequality follows since max;<n <7 ||0(2it)[|? < M?K supy« g n<ar SUP,
|0km.7(2)|?, and the equality follows from Assumption A.2(iv). The proof of the

second result is similar. [ |

Lemma F.5. Let Sy,...,Sn be a sequence of random wvariables and Dy, ..., Dy
be a sequence of random vectors. Then Sy = O,(1) if and only if Sy = Opipy (1),
where p denotes the underlying probability measure and p|Dy denotes the proba-

bility measure conditional on Dy .

PROOF: By definition, Sy = O,(1) means that P(|Sy| > {n) = o(1) for any
(y — o0, while Sy = Opp, (1) means that P(|Sy| > {n|Dn) = 0,(1) for any
Ny — o00. The second follows from the first by the Markov inequality because
E[P(|Sn| > {n|Dn)] = P(|Sn| > €n) = o(1). Since P(|Sy| > ¢n|Dy) < 1 for all
N, {P(|Sn| > {n|Dn)}n>1 are uniformly integrable. The first follows from the
second by the fact that convergence in probability implies moments convergence

for uniformly integrable sequences. |

F.2 Technical Lemmas for Theorem 3.1

Lemma F.6. Let D, and Ds be given in the proof of Theorem C.1. Assume (i)
N — oo (ii) T — oo or T > K +1 is finite; (iii) J — oo with J*¢3log J = o(N).
(i) Under Assumptions A.1-A.5, | D} B||% = O,(1/NT).
(ii) Under Assumptions A.1-A.5, ||DsB||% = O,(J/N?).
(iii) Under Assumptions A.1-A.5, ||Dyal|* = O,(1/NT).

PROOF: (i) Since ||D}B||y < | B|2|B' EMpF||z/T, the result then immediately
follows from Assumption A.2(i) and Lemma F.7(ii).

(i) Since |[Mr|ly = 1, |DsB|lr < ||E|#||B'E||r/T. The result then immedi-
ately follows from Lemmas F.3(ii) and F.7(i).

(iit) Since ||Dia| < ||B|l2ll’ EMpF||/T, the result then immediately follows
from Assumption A.2(i) and Lemma F.7(iii). [ |

Lemma F.7. Let E be given in the proof of Theorem C.1. Assume (i) N — oo;
(ii) T — oo or T > K + 1 is finite; (iii) J — oo with J*¢31log J = o(N).
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(i) Under Assumptions A.1-A.5, | B'E||%/T = O,(1/N).
(ii) Under Assumptions A.1-A.5, |B'EMpF||%/T = O,(1/N).
(iii) Under Assumptions A.1-A.5, | EMpF||>/T = O,(1/N).

PROOF: By the fact that |C' + D||r < ||C||r + || D||r and ||CD||r < ||C|2|| D] £,
1 N/ T2 2 = 211 D 2 2 2 /112
THB Bl < THEHFHB — BH||% + *||H|| | B'E| %
2 - .
= ZIBIEAS — BHIE + 1 (Y150 0z e
J 1 J? J 1 1
_o (Z(L L LY o <> F.12
<N<J2“+N2+NT>+N> P\ N (F.12)

where the second equality follows from J2¢£2log J = o(N), Lemmas F.2(i), F.3(ii)
and F.8(i) and Theorem C.1, and the last line is due to £ > 1/2 and J = o(v/N).

(i) By the fact that [[C'+ D[ < [|C[|r + || D|[r and [|CD[[r < |C[l2||Dl[#,

1,4, =~ 2, ~ N 2 ~
SIBEMFI3 < ZNEM FIRB — BH|3 + | HIBI B EMF
2

2~ ~
< SINEMrF|3|B — BH|E + 5= HI3 ZBQtl@(Zt)&ft
T NT .
2
417117
T AR  SFTRENE
J(1 2 g\ 1 1
o (L(L L TN\ (L F.1
O”(N <J2“+N2+NT>+N> OP<N>’ (.13)

where the first equality follows from J2¢3log J = o(N), Assumption A.2(ii), Lem-
mas F.2(i), F.3(iii) and F.8(ii) and Theorem C.1, and the last equality is due to
k> 1/2 and J = o(v/N).

(iif) By the fact that ||z +y|| < [lz]| +[ly],
2

2P s
TN

*HQEM FH2 1CI) Zt) ft

<2 > a0 a2 e

0, G[) , (F.14)




because J?¢3 log J = o(N), Assumption A.2(ii) and Lemma F.8(ii). |

Lemma F.8. Assume J > 2 and £51og J = o(N).
(i) Under Assumptions A.1(i), A.2(i), A.3 and A.5,

T ~ 21
S IBQ ezl =0, (NT (1 + JngJD |
t=1

(ii) Under Assumptions A.1(i), A.2(i), (ii), A.3, A.4 and A.5,

ET:B’Qt_l(I)(Zt)’gtft ( T <1+ JEy log ))7
=1
& ] —o,{vr{o+ 05
=1
ia'QZI@(Zt)’etft =0, (NT (1 4+ JfJ 10g ))
i=1
T e
;a/Qt—hI)(Zt)/gt =0, ( (1 WF)) |

PROOF: (i) Let Q; = E[Q,]. By the fact that ||z 4+ y|| < ||| + ||yl

Z IB'Q; (Zy) el < 22 1B'Qy @ (Z,) &

t=1

+ 22 IB(Q;" — Q@ )®(Z)e||* = 2Th + 2Ta. (F.15)
t=1

Therefore, it suffices to show that 7; = O,(NT) and T; = O,(T'J¢%1og J). The

former holds by the Markov’s inequality, since

™=

N
Z Z P(2it) Qr 'BB’ Qy 1¢(th)5zt€]t

15=1

E

N

I
I
=

N
ZE Zit Qt 'BB’ Qy ¢(th)]E[5it5jt]

Jj=1

Il
M=
Mz

o+
Il

14

Il
—

<T max_ FE[|B'Q; ¢(z)|? maxzz |Eleacjt])| = O(NT), (F.16)

iSNELT =1 =1



where the second equality follows by the independence in Assumption A.3(i), the
inequality is due to the Cauchy-Schwartz inequality, and the last equality follows

from Assumption A.3(iii) and Lemma F.9. The latter also holds, since

T
T, < CNTZ 1Q: — Qi3 ®(Zy) e ||?

t=1
T 1/2

12 ,
< Cxr (Z H@t—@tué) (Z\@(Zt)'etrﬁ) — 0,(TJE 0 J), (F.17
t=1 t=1

where Cyr = || B||2(ming<z Amin (Q¢)) ™2 (mini< n y<7 Amin (Qi¢)) 2, the first inequal-
ity follows since ming<r Amin(@Q¢) > min;<n <7 Amin(Qit), the second inequality is
due to the Cauchy-Schwartz inequality, and the equality follows from Assumptions
A.1(i), A.2(i) and A.5(ii) and Lemmas F.10 and F.11.

(i) Let Q; = E[Q;]. By the fact that ||C' + D||r < ||C||r + | D]l

2

<2
F

T
Z: - Qt_l)q)(zt),stft/

2

XT: B/Qt_lq)(zt),gtft/

t=1

1(19 Zt) 5tft

F
2

=97, +275.  (F.18)

F

Therefore, it suffices to show that 7; = O,(NT) and T; = O,(vV'NTJ&;+/Tog J).
Note that [|A]|% = tr(AA’). The former holds by the Markov’s inequality, since

T T N N
tr (Z Z Z Z B/ Zzt 8thtf85j8¢(zj8) Qs_lB)

t=1s=11:=1j=1

=Y 33X E[é(z) Q' BB'Q 6(z;0)| i £ Eleuss

N N T T
< COnr max E[|B'Q; ¢(z:) X1 DD Y > |Eleue;s)| = O(NT), (F.19)

iSNAsT i=1j=1t=1s=1

where Cyr = max;<r || f]|?, the second equality follows by the independence in
Assumption A.3(i) and the fact that both expectation and trace operators are lin-

ear, the inequality is due to the Cauchy-Schwartz inequality, and the last equality



follows from Assumptions A.2(ii) and A.3(iii) and Lemma F.9. Let E. denote the

expectation with respect to {e;};<7. For the latter, we have

tr(Z PIDIPIR U (eon )czs(zit)eitfgfssjsqé(zjs)’(le—czgl>B)

=200 2 o(a) (@' = QU BBI(QL = QN2 fifsBleie il

< Crr 2222 2 2 1@ = QillaligCzin) | @z I Eleine s

T T N N 2 1/2
< Cyr (Z (ZZZ l|p(zie) ||| ( st)H!E[&tfjsH) ) : (F.20)
t=1 \s=1i=1j=1
where C%p = || B||2 maxy<r || ]| 2[(ming<s Amin(Q¢)) ™" + (mini<n 1<z Amin (Qit)) ']

(ming<r )\mm(Qt)) Hming<y p<r Amin (Qir)) ™! and Cyip = O]?T(Z?ﬂ ||Qt_Qt||%)1/27
the second equality follows by the independence in Assumption A.3(i) and the fact
that both expectation and trace operators are linear, the first inequality follows
since mMing<r Amin(@Q¢) > Min;< N 1<7 Amin(Qit), and the last inequality is due to the
Cauchy-Schwartz inequality. Moreover, we have

3

=1

E

~+

s=1i=1j=1

(ZZZ @ Czae) [l ( Z;JIHH%%H) ]

t=1 \s=1i=1j=1

T N N 2
< max Ellloza)ll'T 20 { 22202 [Bleass||

T [T N N 2
2172
< J'M mgM,j?%i}%N,thE[¢ Zit.m) Z ZZZ|E gi€isll | s (F.21)

t=1 \s=1i=1 =1

where the first inequality is due to the Cauchy-Schwartz inequality, the second one
follows since max<y <1 E[||¢(2i)[|*] < J*M? max,<nrj<si<ni<r E[d](zim)]. By
Assumptions A.1(i), A.2(i), (ii) and A.5(ii) and Lemma F.11, we have C¥y =
0,(VT¢;+/Tog J/v/N). Combining this, (F.20) and (F.21) implies that E.[T;] =
O0,(VNTJ¢;4/log J) by Assumptions A.5(i) and (iv). Thus, the latter—7; =
O,(V/NT J¢;4/Tog J)—holds by the Markov’s inequality and Lemma F.5. This

10



proves the first result, and the proofs of other results are similar. |

Lemma F.9. Suppose Assumptions A.2(i), A.4 and A.5(ii) hold. Let Q; = E[Qt]
Then

nas BIIBQ ()Y < o0 and s E[la'Q;o(z0) ) < oo.

PROOF: Since ||z|* = tr(zz’),

B[ B'Q; ' é(z)II”] = Eltr(B'Q; ' é(2it)¢(2:) Q; ' B)] = tr(B'Q; ' QuQy ' B)

-1
< max Apax(Qir) (Iﬁijr})\min(Qt)) K| BJf3

<N t<T

-1
< max )\max(ta)< min Amm(Qn)) K|B|2,  (F.22)

i<NLT i <N,t<T

where the second equality follows by the fact that both expectation and trace
operators are linear, the first inequality follows since tr(B'B) = ||B||% < K||B||3,
and the second inequality follows since ming<r Amin(@¢) > min;<n <7 Amin(Qit)-
Thus, the first result of the lemma follows from (F.22), Assumptions A.2(i) and
A.5(ii). The proof of the second result is similar. |

Lemma F.10. Under Assumptions A.3(i), A.5(i) and (iv),

T
ZH(I) Z) |t = O,(N*T J?).
PRrROOF: The result follows by the Markov’s inequality, since

L [i“q’ Zy) e 1

t=1

tZ: (ZZ¢ zit) (250 eztaﬁ) ]

=1 j=1

™=
M=
™M=

E

N N
Z ZCb Zzt th (Zkt)/¢(2£t)5it5jt€kt5£t

t 1k=1¢=1

..
Il

14

1j

N
ZE Zzt th)¢(zkt),¢(ZZt)]E[gitgjtgkﬁét]
16=1

M=
™M=
M=

)

&~
Il
—
.
I

1j=1k
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< J*M? ma E[¢5(2 )];Z%%iw[gaa
> max i \Zit,m 22 it€jt ktgftH

m<M,j<Ji<N<T

= O(N*TJ?), (F.23)

where the third equality follows by the independence in Assumption A.3(i), the
first inequality is due to the Cauchy Schwartz inequality, the second inequal-
ity follows since max;<y <7 Elllo(zi)|*] < J2M? MAX0< M, j<Ji< NA<T E[gb (Zit,m)],

and the last equality follows from Assumptions A.5(i) and (iv). [ |

A

Lemma F.11. Suppose Assumptions A.5(ii) and (iii) hold. Let Q; = E[Q].
Assume J > 2 and £31og J = o(N). Then

10 T¢log J LA T¢4log? J
S 10— Q2 = 0, (L8N d ST 10— Q= 0, TS0
=1 N Pt N

PROOF: Recall that Q; = N, ¢(zi)d(z:)'/N. Let ny,...,ny be an iid. se-

quence of Rademacher variables. It then follows that

= 5[0, - Qi1
-
§16E Hznng Zzt Zzt
2]
log? JM 1 & ?
<160 s o1 || 53 oteerot ]
=1 2
lo JM A
<1630 M . (F.24)

where the first inequality follows from the independence in Assumption A.5(iii)
and the symmetrization lemma (e.g., Lemma 2.3.1 of van der Vaart and Well-
ner (1996)), the second inequality follows by Lemma F.12 and the fact that
d(2i) d(zi) < sup, ||#(2)]|?, the third inequality follows since sup, ||¢(2)|> <
M sup, ||¢(2)||2 = ME2. Let A = 16M2C¢4log® JM/N?. Combining E[[|Q¢]|3] <
2v/D;+2]|Q;]|3 and (F.24) leads to the inequality: Dy < 2A(v/Di+|Q¢]|3). Solving

12



the inequality yields

BIQ ~ @l < (A+ 22 241Q.]8) (F.25)

Thus, by the fact that max;<7 ||Q¢|l2 < max;<n <1 Amax(Qi) and the Markov’s
inequality, the second result of the lemma follows from (F.25) and Assumption
A.5(ii). The first result of the lemma follows similarly by noting that E[||Q; —
Q|2 < (E[|Q:, — Q||4)"/2. This completes the proof of the lemma. [ ]

Lemma F.12 (Khinchin inequality). Let Sy, ..., Sy be a sequence of symmetric
k x k matrices and ny, . ..,ny be an i.i.d. sequence of Rademacher variables. Then
for k > 2,

log k

et

for some constant C, where E, denotes the expectation with respect to {n;}i<n.

H Zm ;

PRrOOF: This is a modified version of Lemma 6.1 in Belloni et al. (2015). The

result is trivial for 2 < k < €%. For k > €%, we have

LA LA
En |Z77'Sz *Znisi
N =1 2 Nz:l Slogk
1 N logk 4/logk
(o)
i=1 Slogk
17214
1 ¥ log k
< cuoe (N;si?) < ot sz o (F20)
= Slogk

where the first inequality follows by (6.44) in Belloni et al. (2015) and || - ||s,,, is
the Schatten norm, the second inequality follows by the Jensen’s inequality, the
third inequality follows by (6.45) in Belloni et al. (2015) and Cj is some positive
constant, and the fourth inequality follows by (6.44) in Belloni et al. (2015) again.
Thus, the result of the lemma follows by setting C' = Cje?. [ |

13



F.3 Technical Lemmas for Theorem 3.2

Lemma F.13. Suppose Assumptions A.1-A.5, A.6(i) and (i) hold. Let E, D,
and V' be given in the proof of Theorem C.1, and {nt and Ly7 be given in the
proof of Theorem 3.2. Assume (i) N — oo; (ii) T — oo or T > K + 1 is finite;
(iii) J — oo with £2log J = o(N). Then

o 1 VI log!* J
1 j—
IVNTD,BV ™" — Lyr B'BM|[r = O, (J(m/m TN

and

_ VI logt g
[V N/TEly —Inr| = O, (j\ﬂ/ﬁt ,

where M is a nonrandom matriz given in Lemma F.15.

PRrROOF: For the first result, we have the following decomposition

VNTD,BV~' = \/N/TEMyFB'BM + \/N/TEM;FB' (B — BH)V ™!
N/TEMyFB'BHV ' - M)=Ti+Ta+T:. (F.27)
Therefore, it suffices to show that || 7; — Ly7B'BM||p = O, (v/JE; log!/* J/N/4),

ITollr = 0,02 1 J32/N 4 J)//NT) and | Tallr = Op(JV2 + J2N +
J/VNT). The first one holds, since

/ 1 d A— — / !
ITi = LyrB'BM||p < ||B|l3 M2 | == Z(Qt L= QNO(Zy) e f]

F
T
Bll5||M @Zt
CIBIEIMI, ||f||H\/—§:: (Z)e
VIE logt/* g
-0, (jvfﬁ ) (F.28)

where the equality follows from Assumptions A.2(i) and (ii) and Lemma F.16.
The latter two follow by a similar argument. The second result also follows by a

similar argument as in (F.28). This completes the proof of the lemma. |

Lemma F.14. Suppose Assumptions A.2(ii), A.3(i), (i), A.5(i)-(iii), A.6(i7) and

14



(iii) hold. Let {xr and L7 be given in the proof of Theorem 3.2. Then there ezists
a JM x (K + 1) random matriz N with vec(N) ~ N(0,Q) such that

J5/6
”(ENTaﬁNT) - NHF = Op (]Vl/ﬁ) .

PROOF: Let ¢; = X1, fi ® Q7 ¢(zu)ein/VNT. Then vec(({nr, Lyr)) = L, G
Note that E[¢;] = 0 by Assumptions A.3(i) and (ii) and (y, . .., {x are independent
by Assumptions A.3(i), A.5(iii) and A.6(ii). Moreover,

N 3/2
SR SYCIERIGE (jﬁ) (F.20)

=1 =1

where the inequality follows by the Liapounov’s inequality, and the equality follows
from Assumptions A.2(ii), A.5(i), (ii) and A.6(iii) since

BlGI) = S P

(ZZCb Zit Qt lQ ¢(zis)ftT/fggit5is> ]

t=1s=1
T
‘E 5zt51551u5w”
1

T T T
< CYNT <%at}<(TE[”¢ Zit H N2T2 ZZ Z

t=1 s=1u=1v=
J2M2 T T T T
< C1NT max E[QS;L ztm N2T2 Z Z Z Z |E 5zt5185w5w]| (F30)

m<M,j<Ji<Nt<T =1 51 ue1 w1

where Cyr = maxy<r || ff”“(miniSN’tST Amin(Qi)) ™, the first inequality follows
by the independence in Assumption A.3(i), the Cauchy-Schwartz inequality, and
the fact that ming<y Apmin(Q¢) > min<n <7 Amin(Qit), and the second inequality
follows since max;<n <1 E[[|¢(zi¢)[|!] < J*M? maxm<nrj<sicn i<t E[¢](zitm)]. In
addition, Q = E[vec(({nr, LnT))vec((Unr, Lnr))']. Thus, Lemma F.17 implies
that there is a JM x (K + 1) random matrix N with vec(N) ~ N(0,€) such that

J5/6
(@) = Bl = vec((Cor. ) vee®) =0, (355 ) (F30)

This completes the proof of the Lemma. ]

Lemma F.15. Suppose Assumptions A.1-A.4 and A.6(i) hold. Let V be given in

15



the proof of Theorem C.1. Assume (i) N — oo; (i) T — oo or T > K + 1 is
finite; (i) J — co with J = o(v/N). Then

J VI I \/7
N VN N VN

where H = (F'MpF/T)Y?YV-Y2 M = HV™Y, V is a diagonal matriz of
the eigenvalues of (F'MpF /T)/? B'B(F'MpF/T)/? and Y is the corresponding

eigenvector matriz such that Y'Y = Ik.

H = 'H—I—O(l >andHV1 M—i—O(l

PROOF: By the definition of B, (Y M;Y'/T)B = BV. Pre-multiply it on both
sides by (F'MyF/T)Y?B’ to obtain

(F'MpF/T)Y?B (Y M7Y')T)B = (F'MyF/T)"*B'BV. (F.32)

To simplify notation, let Sy = (F' My F/T)\2B'(Y MyY' /T — B(F'MyF/T)B)B
and Ryp = (F'MpF/T)/2B'B. Then we can rewrite (F.32) as

[(F'MpF/T)Y?B'B(F'MpFT)Y? + §yrRas|Ryr = RnrV. (F.33)

Let Dyr be a diagonal matrix consisting the diagonal elements of Ry, Ry7. De-
note Y nyr = RNTDX,lT/Q, which has a unit length. Then we can further rewrite

(F.33) as
[(F'MpF/T)Y?B'B(F' My F/T)Y? + nr Ry | Yar = TtV (F.34)

which implies that (F'MpF/T)?B'B(F' My F/T)Y? 4+ 6y Ry has eigenvector
matrix T yr and eigenvalue matrix V. Since Ry = (F'MyF/T)Y?B'BH + 0,(1)
by simple algebra and Theorem C.1, Ryy = O,(1) by Assumptions A.2(i)-(iii) and
Lemma F.2. This together with (F.1) and Assumptions A.2(i) and (ii) implies

_ 1 J \/7
Since the eigenvalues of (F'MyF /T)B'B are equal to those of (F'MrF/T)'?B'B
(F'MpF /T)Y?, the eigenvalues of (F'MpF /T)Y?B'B(F' My F/T)"? are distinct

(F.35)

16



by Assumption A.6(i). By the eigenvector perturbation theory, there exists a
unique eigenvector matrix Y of (F'MpF/T)Y2B'B(F'MrF /T)"? such that

J\/j
" )

By (F.1), RyyyRyr = B'B(F'MyF/T)B'B = B'(YMY'/T)B+0,(J "+ .J/N +
VI/VNT) =V 4+ O,(J 7%+ J/N ++/J/v/NT). This implies that

J\/7
¥ Jer)

Recall that H® = (F'MyF/T)B'BV~! given in the proof of Lemma F.2(i).
Thus, by (F.36) and (F.37), it follows that H® = (F'MpF/T)Y?RysV™! =
(F'MyF /T)Y2Y yy DNZVY = H + O,(J* + J/N + /J/NT), which together
with (F.2) and (F.3) leads to the first result of the lemma. The second result of
the lemma follows from (F.2), the first result of the lemma and Lemma F.2(i). W

Tyr=T+0, ( ! (F.36)

=V +0, ( ! (F.37)

Lemma F.16. Suppose Assumptions A.1(i), A.2(ii), A.3(i), (ii), A.5 and A.6(i1)
hold. Assume J > 2 and &3 log J = o(N). Then

(w/_JgJ log!/4 J)
—0, (Y=L 2
F

T
H\/]l\,—T Zl@tl —Q)P(Zy) e

N1/4

and . JTE "
1 A _ , JE;log " J
[ Eont-amare] -0, (53,

PROOF: Let T =YL, (Q;' — Q7 )®(Z,) e, f!/vV/NT and E. denote the expecta-
tion with respect to {g;};<r. Since ||A|% = tr(AA’),

;) L
BAITIE = g5 |

M=
M=

(OF' — O )B(Z) 2 L 12,0(2.)( O — @zl))]

5~
Il
—
w0
Il

1

= NlT Z: 2_: ; Z:l &(zi) (Q - Q; )(le — Q;N)b(zj6) f1 fsEleues)
N T T
= NlT SIS 6(z) Q7 = QEINQ — QY (2i) f1 S Eleineis]

.
Il
—
-
Il
—_
»
Il
—

—_
EN |



N T T
< ONTNT ZZ Z HQt Qt” ||¢(Zzt)||||¢(ZZS>|||E[5zt5w]|
1s=

i=1t= 1

1 T o 1/2
< Ciirr (Z ) S TERTERTTI =AY ) e

s=1

where Cp = (ming<r Apin (@) ™ [(ming<r Ain (Q)) ™+ (mini< v <1 Amin (Qir)) ']
(mini< <7 Amin(Qir)) ™ maxir || fil|* and Ciip = Crr(S |Qr — Qul|3)'7?, the
second equality follows by the independence in Assumption A.3(i) and the fact
that both expectation and trace operators are linear, the third equality follows by
Assumption A.3(ii) and the independence in Assumption A.6(ii), the first inequal-
ity follows since ming<r Amin(Q:) > min;<n <7 Amin(Qit), and the last inequality

is due to the Cauchy-Schwartz inequality. Moreover, we have

E ; (Zlgl||¢(Zz~t)||ch(zis)HlE[sz-teis]I) ]

2

T N T
< s, Bllot 1S (X3 1P

t=1 \i=1s=1

T 2
212
< J'M mgM,jIg%i);N,thE[¢ Zit.m) Z (ZZ |Eleiis ) , (F.39)

i=1s=1

where the first inequality is due to the Cauchy-Schwartz inequality, the second
one follows since max;<y <1 E[||¢(zi)||*] < J2M? max,<prj<i<ni<r E[¢ (Zit.m)]-
By Assumptions A.1(i), A.2(ii), and A.5(ii) and Lemma F.11, we obtain that

= 0,(VT¢54/Tog J/V/N). Combining this, (F.38) and (F.39) implies that
E|TI2] = O,(J€54/Tog J/V/N) by Assumptions A.5(i) and (iv). Thus, the first
result of the lemma follows by the Markov’s inequality and Lemma F.5. The proof

of the second result is similar. [ |

Lemma F.17 (Yurinskii’s coupling). Let (i,...,(y be independent random
k—wvectors with E[¢;] = 0 for each i and 3 = SN, E[||G||?] finite. Let S = SN, .

For each § > 0, there exists a random vector S in the same probability space with
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S with a N(0, E[SS']) distribution such that

P{|S — S| > 35} < CyDs (l N Ilg(lk/Dﬂ>

for some universal constant Cyy, where Dy = Bkd~3.

ProOF: This is the Yurinskii’s coupling, see Theorem 10 in Pollard (2002). W

F.4 Technical Lemmas for Theorem 4.1

Lemma F.18. Let Dy, D;, D3, D:, D¢ be given in the proof of Theorem 4.1.

(i) Under Assumptions A.2(i), (i), (iv), A.7(i) and (i), |Di||3 = O,(J ).

(ii) Under Assumptions A.1(i), A.2(ii), (iv), A.7(i) and (i), | Di||7 = Op(J*).
(iii) Under Assumptions A.1, A.2(ii), (iv), A.8, A.7(i) and (i), |Di|% =
O,(J72*J/N).

(iv) Assume (i) N — oo; (ii) T — oo or T > K + 1 is finite; (iit) J — oo
with J2€2log J = o(N). Under Assumptions A.1-A.5, A.7(i) and (ii), | D:B||% =
O,(J/N?).

(v) Under Assumptions A.1, A.2(ii), (iv), A.8, A.7(i) and (i), |Dgl|% =
Op(J~2%J/N).

PrROOF: (i) Since |[Mz|s = 1, |Dillr < || Bl|2||F|2|A%||#/T. The result then

immediately follows from Assumptions A.2(i), (ii) and Lemma F.21(i).

(i) Since | M|y = 1, || Ds|lr < ||All#||A*||/T. The result then immediately
follows from Lemmas F.3(i) and F.21(i).

(iii) Since ||Myp|ly = 1, | Dil|r < [|A*||¢||E||#/T. The result then immediately
follows from Lemmas F.3(ii) and F.21(i).

(iv) Since ||Myl|ly = 1, | D:B||r < |B'E||¢||E*||#/T. The result then immedi-
ately follows from Lemmas F.7(i) and F.21(ii).

(v) Since |[Mr|ls = 1, ||D¢|lr < ||Al|l#||E*||#/T. The result then immediately
follows from Lemmas F.3(i) and F.21(ii). [ |
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Lemma F.19. Suppose Assumptions A.1-A.5, A.6(i), (i), A.7(i) and (ii) hold.
Let V' be given in the proof of Theorem C.1, and E*, Dy, N1 and Ly be given
in the proof of Theorem 4.1. Assume (i) N — oo; (1) T — oo orT > K + 1 is
finite; (iii) J — oo with £3log J = o(N). Then

- 1 VIE log!t T
IVNTD;BV ™" — ﬁTB'BMHF:Op(J( 1 Vet )

k—1/2) N1/4

and
e VIE log! " ]
IWN/TE 12~ 5] = 0, (YR
where M is a nonrandom matriz given in Lemma F.15.

PROOF: For the first result, we have the following decomposition

VNTD;BV™' = \/N/TE*MyFB' BM, +/N/TE*MyFB' (B — BH)V ™
N/TE*MyFB'B(HV™ = M) =T, + T +Ts.  (F.40)
Therefore, it suffices to show that |77 — L7 B'BMs||p = O,(v/JE; log"/* J/NV4),

1 Tally = Op(JU25) 4+ J2/N + J)VNT) and |Tyllp = Op(JH25) 4+ J2/N +
J/VNT). The first one holds, since

170 = LN B'BMI|r < || Bl3l| M2

Z (I)(Zt)*lgtft

F

HWWMMNWF_; ez

vV Jlog1/4 J
pry Op T P

(F.41)

where the equality follows from Assumptions A.2(i) and (ii) and Lemma F.23.
The latter two follow by a similar argument. The second result also follows by a

similar argument as in (F.41). This completes the proof of the lemma. |

Lemma F.20. Suppose Assumptions A.2(ii), A.3(i), (i), A.5(i)-(iii), A.6(ii),
(iii), A.7(i) and (iii) hold. Let Ny and Lyy be given in the proof of Theorem 4.1.
Assume J = o(\/N). Then there exists a JM x (K + 1) random matriz N* with
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vec(N*) ~ N(0,9Q) conditional on {Y:, Zi}1<1 such that
J5/6
I(Cxnr, Lxr) — VwoN'|[r = O, <Nl/6> '

PROOF: Let ¢ = (w; — 1)L, fI @ Qi 'é(zi)eir/ V' NT. Then vec((Cyp, Lip)) =
Zz’]L ;. Let E,, denote the expectation with respect to {w;};<n. Then conditional
on {Yy, Zi}ier, Fywl[G] = 0 and (i, ...,y are independent by Assumption A.7(i).
To proceed, let Qny = SN, L ST () @ Q7 d(2i)d(2is) Q7 teueis /NT.
Then E,[vec((Cyr, Lyr))vee((Cyrs Ly7))] = wolnr. We now apply Lemma F.17
to the independent random vectors (i, ...,(x conditional on {Y;, Z;};<p. There
exists a JM x (K +1) random matrix N** with vec(N**) ~ N (0, Qn7) conditional
on {Y;, Z; }i<r such that the following holds:

Ivee((Cxr: L)) — Vwovee(N™)|| = Oy ((J8)'?) (F.42)

where 3 = >N | E[||¢]|*]. Next, we calculate 3. To the end, we first calculate

(

E[GI1Y = El(w; — 1)4]N21T2E

N
™=

2
¢(Zit)/Qt1Q51¢(zis)ft/f;r5it5is> ]

t=1s=1
1 T T T
< Cnr max El|lo(zi)|*] N7 SN 3  |Blencisciucinll
t=1 s=1u=1v=1
J2M2 T T T T
4
< O B8 n 10 Gt s 2,2 0.2 IFleweucucial. (F43)
t=1s=1u=1v=1

where Cyp = E[(w; — 1) max,<r || £ |*(min;< n.e<7 Amin (Qi¢)) ™%, the first inequal-
ity follows by the independence in Assumption A.3(i), the Cauchy-Schwartz in-
equality, and the fact that ming<r Amin(Q¢) > min; <y t<7 Amin (Qit), and the second
one follows by maxi<ni<r El[|¢(zi)||*] < J2M? maxp<nrj<sicni<r B[] (Zitm)]-
Thus,

N N 3/2
5= S Gl < SSENGIDY (jw) , (F.44)

i=1 i=1

where the inequality follows by the Liapounov’s inequality, and the last equality
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follows from (F.43) and Assumptions A.2(ii), A.5(i), (ii), A.6(iii) and A.7(i). We
now may combine (F.42), (F.44) and Lemma F.5 to obtain

vl Cye) = VEveelt) =0y () (F9)
By Assumption A.7(iii) and Lemma F.25 Q;VlT/Q is well defined with proba-
bility approaching one since J = o(v/N). Define N* such that vec(N*) =
Ql/2Q&¥2vec(N**). Then vec(N*) ~ N(0,9) conditional on {Y;, Z;}1<p. It fol-
lows that

[vee((Chrs Lxr)) = VwoN* || < [lvec((€yr, Lyr)) — Vwovee(N™)]|

J5/6 J3/2 J5/6
VBl vecl)] = 0, (37 + 72 ) =00 37 ) - (40
where the first equality follows by (F.45) and the fact that ||vec(N*) —vec(N**)|| <
QK2 — Q2|4 || vec(N*) || = O,(J*2/+/N), which is due to Lemma F.25.
This completes the proof of the lemma. |

Lemma F.21. Let A* and E* be given in the proof of Theorem j.1.
(i) Under Assumptions A.2(ii), (iv), A.7(i) and (ii), | A*||%/T = O,(J ).
(ii) Under Assumptions A.1(ii), A.3, A.7(i) and (i), |E*||%/T = O,(J/N).

PROOF: (i) By the fact that | Az|| < ||All2||lz| and ||All2 < ||A]F,

HIAIE = 1 (82 0(2)) $(Z) (R(Z) + AZ) )

T N
7TZZU) H5 Zzt

t=11i=1

2
< 2 1 (mip A (©1))

1
N
-11 L X 1
Z sz th = Op ((]2/@) 3 <F47)

t17,1

+ 2 (1;1%1%1 )xmm(Qt )

where the last equality follows from Assumptions A.2(ii) and A.7(ii) and Lemma
F.22(ii).
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(ii) By the fact that ||Az| < || Al2]z]],

1 -
FNE N = 7 ZH (2)"®(2,)) " ©(Z) el

. A x -2 1 d */ J
< (mip Awin@0) ) yor L 1020 = = 0, (%) )

where the last equality follows from Assumption A.7(ii) and Lemma F.22(i). W

Lemma F.22. (i) Under Assumptions A.1(ii), A.3 and A.7(i),
T
D_I®(Z)"e]|* = Op(NT ).

(ii) Under Assumption A.2(iv) and A.7(i),

T N
wil|6(zi)||? = Op(NTJ ) and Y wilr(zi)|* = Op(NTJ~?).

1 t=1i=1

Mz

>

t=11

PROOF: (i) The result follows by the Markov’s inequality, since

T

N
D020 2 0ai) dlzi)cie jpwi

T
— t=1i=1j=1

B[y lezya| - &

t=1

D> Elo(zi) d(20)| Eleue i) Elwiw;)

=11i=1j=

~+
[y

T N N
E[ 1] max EHQb Zit || ZZZ|E51t€jt

i<NA<T o e e

IN

2

< TJME[wl]m<M]I?Jz<Nt<T (65 (zitm)] m_axZZUZI |Eleues]| = O(NTJ), (F.49)
where the second equality follows by the independence in Assumptions A.3(i) and
A.7(i), the first inequality is due to the Cauchy Schwartz inequality, the second one

follows by MaX;<Nt<T E[”QS(ZN:) || ] < JM mMaXm,m<M,j<Ji<Nt<T E[qb (Zzt m)] and the
last equality follows from Assumptions A.1(ii), A.3(iii) and A.7(i).
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(iii) The first result follows since

T N
SN wil|6(za) |1 < TKJW2 max _ sup |[0pm.g (2)[7 D> w; = O,(NTJ ), (F.50)
t=1i=1 sKEmsM- 2 i=1

where the inequality follows since w;’s are positive and max;<y <7 [|0(2i)||* <
M?K SUPic i m<nr SUD, |Okm,s(2)|?, and the equality follows by the law of large
numbers and Assumptions A.2(iv) and A.7(i). The proof of the second result is

similar. [ ]

Lemma F.23. Suppose Assumptions A.2(ii), A.3(i), (i), A.5, A.6(ii), A.7(i)
and (ii) hold. Assume J > 2 and £31og J = o(N). Then

1 & oAt o (J_ijlogl/4J>
t Wy o(Z, tJe = Op
HENT; 00z s

N1/4
and ”
vJEslo J
1 QY)0(2) = = O, VI log TN
\/— N1/4
PROOF: Let T = XL (Qi ' — Q7 )®(Z,)"e.f|/v/NT and E. denote the expec-

tation with respect to {&;};<7. Since ||A||% = tr(AA4"),

t=1s=1

BITIR = . [tr(zz o <Zt>*'stfgfse;<b<zs>*@:-1—Q;l))]

1 N N T T R
ZZ Z sz¢ Zzt -l Q;1>(Q:71 - Q;l)¢(st)wjfgfsE[€it€jS]
z—l 1t=1s=1
1 N ]T T R
7 2o 2 2 wi(za) (Q T = QENQIT! = Q7= i fuEleusid
i=1t=1s=1
] NT T
< CnryT SR = Qllaw?lld(za) 16 (zis) | Elesee sl
i=1t=1s=1
T /N T 2\ 1/2
< CNTNT (Z (Zzw2“¢ Zit ||H¢<le)|‘|E[5zt5w”> ) 5 (F.51)
=1 s=1

where CNT = (mlnt<T /\m1n<Qt )) [(mlnt<T Amln(Qt )) + (minz‘gN,th /\min(Qit))_l]
X (minj< n <7 Amin(Qit)) ™ maxy<r || fi]|* and Cp = Chr(Ximy [|QfF — Q4l|3)Y/?, the
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second equality follows by the independence in Assumptions A.3(i) and A.7(i) and
the fact that both expectation and trace operators are linear, the third equality
follows by Assumption A.3(ii) and the independence in Assumption A.6(ii), the
first inequality follows since ming<r Amin(Qr) > min;<y <7 Amin(Qit), and the last

inequality is due to the Cauchy-Schwartz inequality. Moreover, we have

t=1 \i=1 s=1

E> (ZZwz’2”¢(zit)”||¢(Zis)|||E[5it5is]|> ]

T N T
4
< Blot] s, Bl 35 (3,3 Lo
2

T T
4
< JQMQE[ 1] m§M7jr£1%'i)%N,t<T (b zztm tz; (Z Z ‘E[Sit{’:is”> R <F52)

i=1s=1

where the first inequality is by the Cauchy-Schwartz inequality and the indepen-
dence in Assumption A.7(i), the second one follows since max;<y <7 F|| (i) ||*]
< JPMPmaxpm<nj<ri<ni<r B¢} (Zim)]. By Assumptions A.2(ii), A.5(ii) and
A.7(ii) and Lemma F.24, C% = O,(VTE5\/Tog J/v/N). Combining this, (F.51)
and (F.52) implies that E.[||7|%] = O,(J&;4/Tog J/v/N) by Assumptions A.5(i),
(iv) and A.7(i). Thus, the result of the lemma follows by the Markov’s inequality

and Lemma F.5. The proof of the second result is similar. [ |

Lemma F.24. Suppose Assumptions A.5(ii), (iii) and A.7(i) hold. Assume J > 2
and £3log J = o(N). Then

LA T& log J
310 - @3 =0, (T ).

PRrROOF: The proof is similar to the proof of Lemma F.11, thus omitted for brevity.
[ |

Lemma F.25. Suppose Assumptions A.2(ii), A.3(i), (ii), A.5(i)-(iii), A.6(ii),
(7ii) and A.7(iii) hold. Let Qnr be given in the proof of Lemma F.20. Then

J
OY2— 02, =0 <> .
H H2 P \/N
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Proor: We first show [|[Qnr — Q%2 = O,(J?/N). Let ¢, = SE,fi ®
Q7 '¢(zi)ea/VNT. Then Qny = XX, (¢ and Q = S, E[G¢/]. Since [|Al[3 =
tr(AA"),

El|Qnr — Q7] =

(ZZ CNGE — [@@%)’)]

i=1j5=1

N 2
- 5~ (UGG - IEIGAIR) < N EGIY =0 ()« ()
where the second equality follows since (i, ..., (y are independent by Assumptions
A.3(i), A.5(iii) and A.6(ii) and both expectation and trace operators are linear,
the inequality follows by the Cauchy-Schwartz inequality since ||E[(;¢/]]|3% > 0,
and the last equality follows from (F.30) and Assumptions A.2(ii), A.5(i), (ii) and
A6(iii). Thus, [|Qnr — Q|| = O,(J?/N) follows from (F.53) by the Markov’s
inequality. The result of the lemma follows from Assumption A.7(iii) and Lemma
A2 of Belloni et al. (2015). [ |

F.5 Technical Lemmas for Theorem 4.2

Lemma F.26. Let 81,85, 83,84, S5, S6 be given in the proof of Theorem 4.2. As-
sume (i) N — oo; (i) T — oo with T = o(N) or T > K +1 is finite; (iii) J — oo
with J*¢21log J = o(N) and NTJ~ 1) = o(1). Assume that Hy is true.

(i) Under Assumption A.2(wv), S; = O,(NTJ~2+1).

(ii) Under Assumptions A.1-A.6, A.8(i)-(iii), Sy = O,(v/ NT J~ 1)),

(iii) Under Assumptions A.1-A.5, S3 = O,(v/NTJ~+1/2),

(iv) Under Assumptions A.1-A.3, Sy = O,(NT J~2+1).

(v) Under Assumptions A.1-A.6, A.8(i)-(iii), S5 = Op(v/ NTJ~+D).

(vi) Under Assumptions A.1-A.5, Sg = O,(v/ NT J~=+1/2),

PRrOOF: (i) The proof is similar to the proof of (iv).
(ii) The proof is similar to the proof of (v).

(iii) The proof is similar to the proof of (vi).
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(iv) It follows that

T T

Se<|HIEY Y N6za)l?/T < (NT/D)|HIZM?K  sup  sup |, (2)[%,  (F.54)
i=1t=1 k<K,m<M =

where the second inequality follows by max;< <7 [|0(2i)||> < MK Supc g pmenr

sup, [0gm.7(2)|?. Thus, the result of the lemma follows from (F.54), Assumption
A.2(iv) and Lemma F.2(i).

(v) By Assumption A.8(ii), SN, S5, [[24]|?/NT = O,(1) by the Markov’s
inequality. It then follows that

1 T T ) 1 N T )
53 SIS VIEHEEN I VITES o ol B
=1 t=1 =1 t=1
T T 1
— —V=0,(~ F,
=0y (J+J2“+1+NJ) O”(J)’ (F:55)

where the first equality follows from Lemma F.27, and the second equality follows
since T = o(N), NTJ~?*+D) = o(1) and J = o(v/N). By the Cauchy-Schwartz

inequality,
] T 1/2
1S5] < Sp/? < ST —TH) zzt|l2> : (F.56)
e
Thus, the result of the lemma follows from (F.55) and (F.56) and Lemma F.26(iv).

(vi) By the fact that ||z||* = tr(z2’),

R - , NI A
S SMB = BHY§(=)|* = = Yot (B~ BHYQu(B ~ BH))
i=1t=1 t=1
NT A A ) NT T
< 715372( Amax(Q¢) || B — BH||p = O (J%H + N + 1) = Op(1), (F.57)

where the second equality follows from Assumption A.1(i) and Theorem 3.1, and
the last equality follows since T = o(N) and NT.J~2%+1) = o(1). By the Cauchy-
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Schwartz inequality,

1 T T A 1/2
s <81 (XN 0B - Bryolanl?) (F.5%)

i=1 =1
Thus, the result follows from (F.57) and (F.58) and Lemma F.26(iv). |

Lemma F.27. Suppose Assumptions A.1-A.6 and A.8(i)-(iii) hold. Let 4 and
' be given in Section 4.2. Assume (i) N — oo; (ii) T — oo or T > K + 1 is
finite; (iii) J — oo with J2¢2logJ = o(N). Let Q. = YN, L v fifr e
Qt Elzuzl JQ i Eleneis) /INT, where Q. = ity Elzuzl]/N. Assume that Hy is
true. Then there exists an M x (K +1) random matriz N, with vec(N,) ~ N(0,,)
such that

VNT JTJ  J3/6 JE log' /% g
WNT(@—w—szop( PV VI log )

Jr VN = N6 N1/4

and

||W<f—rﬂ>—Gr||F:0p<ﬁ vT 1 )

Jr + \/N+ N1/6

where G., = NZJ_GFH_lf__FHH/B,<N1_GBH_lf_)_FHG/BCL, Gr =N,2B'BM,
H, M, Ny and Gg are given in Theorem 3.2, and N, ; and N, 5 are the first column
and the last K columns of N, .

PROOF: Let us begin by defining some notation. Let & = (Z/Z;)"'Z/e; and

E = (&,...,&r). Then (9) under Hy can be written as
Y =415 +TF + E, (F.59)

where 17 denotes a T x 1 vector of ones. Recall My = Iy — 171,./T. Post-

multiplying (F.59) by Mr to remove «y, we thus obtain
Y My = T(MpF) + EMy. (F.60)
Recall that V' is a K x K diagonal matrix of the first K largest eigenvalues of
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Y M;Y'/T as defined in the proof of Theorem C.1, H = F'MpF(F'MpF)~! and
E'MpE /T =V as showed in the proof of Theorem C.1. By the definition of I,
['= Y MpE(E'MpE)™ . We may substitute (F.60) to I' = Y My F(F'MpE)™ to

obtain

3
['~TH = (EM:Y'/T)BV ' =3 DBV, (F.61)
j=1

where in the first equality we have used F” MTF/T =V and F' = Y'B, in the
second equality we have substituted (34) into the equation, and D; = EMFB /T,
Dy = EMTE’ /T and Dy = EMTA’ /T. We can conduct the same exercise as in
(40) to obtain

|IVNT(I' —TH) —VNTD, BV |5

(F.62)

< VTV 1a(IDsBlls + D3l 1Bll) = O, ( ; ) ,

J N
where the equality follows by Lemmas F.2(i) and F.33. Thus, the second result of

the lemma follows from (F.62) and Lemma F.34. We now show the first result of

the lemma. By the definition of 4,

y—n=FElp/T+TH-D)H'f—1'(B—BH)a
—I'B'(BH - B)H'f —T'B'E1;)T —T'B'A17/T, (F.63)
where H~! is well defined with probability approaching one by (C.1) and Lemma
F.2(ii), and we have used ¢’B = 0 and B'B = Ix. By a similar argument as in
(42)-(44),
IVNT(3 =) = [y N/TELy = VNT(L ~ TH)H ' f]
+I'HH'B'[\/N/TE1y — VNT(B — BHYH'f]
VNT VTJ J )

N T UNT (F.64)

Thus, the first result of the lemma follows from (F.64), Lemmas F.34, F.13 and

+THVNT(B — BH)a| = O, (
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F.14, Theorem 3.2 and the second result of the lemma. [ |

Lemma F.28. Suppose Assumptions A.5(i), (iii) and A.8(ii) hold. Let Q and Q
be given in the proof of Theorem 4.2. Then

N J2
10-Qlz=0, (N)

PROOF: Let Q, = SN (2, d(2) ) (2, #(22)")' /N and Q, = E[Q;]. Then Q =
ST QT and Q = YT, Q,/T. Tt follows that E[||Q, — Q,||%] < [((J+1)M)2?/N]
(MaXy< M j<Ji<N<T E’[gb (Zit,m)] + max;<ni<r E|||zi||*]) by the independence in

Assumption A.5(iii). By the Cauchy-Schwartz inequality,

A T R J2
BIQ- 0l < 1 BN - Q=0 (%), (Fes)

ﬂ \

where the equality follows from Assumptions A.5(i) and A.8(ii). By the Markov’s
inequality, the result of the lemma thus follows from (F.65). [ |

Lemma F.29. Suppose Assumptions A.1-A.6, A.7 and A.8(ii)-(iv) hold. Let 7,
D, 4 and I* be given in Section /.2. Assume (i) N — oo; (ii) T — oo or
T > K + 1 is finite; (iii) J — oo with J?¢31og J = o(N). Assume that Hy is true.
Then there exists an M x (K + 1) random matriz N* with vec(N¥) ~ N(0,(,)
conditional on {Y:, Zi}i<7 such that

e v VNT  VTJ | J° Tglogt
I/ NT/wo(3* = 4) = G|l = O, ( T TN TN N/A

and

VAT ol = ) - Gille = O (Y + Y+ 51

where €2, is given in Lemma F.27, G = N;l—GFH_lf—FH’H’B’(N’{—G*B”H_lf)—
I'HGga, G = N; ,B'BM, H, M, N} and G} are given in Theorem 4.1, and N}

and N7 5 are the first column and the last K columns of N7.
PROOF: Let us begin by defining some notation. Let & = (Z;'Z;)"'Z¢; and
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E* = (g,...,2%). Then under Hy, we have
Y* = A1 +TF + E*, (F.66)

where 17 denotes a T' x 1 vector of ones. Recall My = Iy — 171%./T. Post-

multiplying (F.66) by M to remove «y, we thus obtain
Y*Myp = T(MyF) + E*My. (F.67)

Recall that V us a K x K diagonal matrix of the first K largest eigenvalues of
Y M;pY'/T as defined in the proof of Theorem C.1, H = F'MpF(F'MpF)~! and
F’MTF/T =V as showed in the proof of Theorem C.1. By the definitions of f*,
[* = Y*MpF(F'MpEF)='. We may substitute (F.67) to [ = Y* My E'(F'MpF)™!

to obtain

3
[*-TH=(E"M;Y'/T)BV ™ =Y D;BV, (F.68)

Jj=1

where in the first equality we have used EF'MypF' /T =V and F = Y'B, in the
second equality follows we have substituted (34) into the equation, and D =
E*MpFB' /T, Dy = E*MpE' /T and D} = E*MpA'/T. We can conduct the same

exercise as in (40) to obtain

|IVNT(I* —TH) - VNTD:BV Y|

(F.69)

< JNT|V 1H2<||DZB||F+H1>3||F||B|\2>=op( vy

+
I TN

where the equality follows by Lemmas F.2(i) and F.35. By the fact that ||C +
Dl|lr < ||C||lF + ||D||r, we may combine (F.62) and (F.69) to obtain

Thus, the second result of the lemma follows from (F.70) and Lemmas F.5 and

|IVNT(I* —T) = VNT(D; — D)BV | =0, ( (F.70)
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F.36. We now show the first result of the lemma. By the definition of 4*,

4 —y=E*1p)T + (TH —T*YH"'f — T*(B*B*)"(B* — BH)'a
o f*(B*/B*)—lB*/(BH o B*)H_lf o f*(B*/B*)—lB*/E*lT/T
— (BB 'BYA*1,/T, (F.71)
where H~! is well defined with probability approaching one by (C.1) and Lemma

F.2(ii), and we have used «’B = 0 and (B*B*)"'B*B* = Ix. By a similar
argument as in (42)-(44),

IVNT(3* —~) — [\/N/TE*1y — VNT(I* — TH)H ' f]

+ THH'B'[\/N/TE*1; — VNT(B* — BH)H ' f]
VNT TJ J )

7t T UNT (F.72)

By the fact that ||z+y|| < ||z||+ly||, we may combine (F.64) and (F.72) to obtain

+IHVNT(B* — BH)'a|| = O, (

IVNT(3* = 4) = [\/N/T(E*1r — Elg) = VNT(I" = T)H ' f]

+ THH'B'[\/N/T(E*1y — Blr) — VNT(B* — BYH ']

. A NT TJ J
+THVNT(B* — B)a|| =0 + + . F.73
VT - Byl =0, (ST e ). e
Thus, the first result of the lemma follows from (F.73), Lemma F.36, F.13, F.19
and F.20, Theorem 4.1 and the second result of the lemma. [ |

Lemma F.30. Suppose Assumptions A.1-A.j hold. Assume (i) N — oo; (ii)
T — 0o or T > K + 1 is finite; (iii) J — oo with J = o(v/N). Then
1 LA )
NT ;; 18(zie) — H'B(zit) |I” = 0p(1).
PROOF: Since ((zi) = B'o(zy) and B(zi) = B'd(zi) + 6(zi),
1 al o / 2 2 L& » / 2
5 D2 B8Czi) = H'B(zi)|I” < 5 > > (B = BH)¢(z)|* +281,  (F.74)

i=1t=1 i=1t=1
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where S; = S SN ||[H'6(2)||?/J as defined in the proof of Theorem 4.2. Note
that (F.57) and Lemma F.26(iv) continue to hold under H;. Thus, the result of
the lemma follows from (F.57) and Lemma F.26(iv). [

Lemma F.31. Suppose Assumptions A.1-A.J, A.5(iit), A.8(i), (ii) and (v) hold.
Assume (i) N — oo; (i) T — oo or T' > K + 1 is finite; (iii) J — oo with
J = o(\/N). Assume that Hy is true. Then there exists positive constant co such

that

1
ZZ||F,zZt_H/ Zzt>||2 2 CO+OP(]‘>'

zltl

PROOF: Let us begin by defining some notation. Let A4, = (Z]Z) 1 Z] A, for
Ay = Y, Wy, &, where U, = (a(z11) + B(z1e) fio - - alzne) + B(zne) fi)'. Let
Y =W,....Yy), U = (Uy,...,0;) and E = (&,...,8). Then I' = (U +
E)MpE(E'MpF)~'. Tt is easy to show that I' = (WMyF/T)(F'MpF/T) " H +
0p(1) by Theorem C.1, and (U My F/T)(F' My F/T)™|p < C* for some C* with
probability approaching one. This together with Lemma F.2(ii) implies that
P(|TH'||z > C) = o(1). Therefore, under Hj,

1 N T F/ H ) > )\ ,H 1 N T f‘H_l ) )
NT ;;H z — H'B(24) || min (F )ﬁ ;;H( ) zi — B(zit) ||
, 1 N T
= Ain (H H)ﬁ;;b? 118(za) — (CH™YY 24| + 0,(1)

' / . . N T 12
> Auin(H'H) _inf_ inf E{5(z0) — TzlY| + 0,(1)

> ¢p + 0,(1) for some ¢y > 0, (F.75)

where the equality follows from Lemma F.37 since P(|TH ||z > C) = o(1), and
the last inequality follows by Lemma F.2(ii). [ |

Lemma F.32. Suppose Assumptions A.1-A.4, A.5(iii), A.8 hold. Assume (i)
N — oo; (i) T — oo or T > K +1 is finite; (iii) J — oo with J = o(v/N). Then

1 N T ) 1 N T )
7 2 N = A 2l + = Do D 1@ — @) bz = 0,(1)
NT i=1t=1 NT i=1t=1 g
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and

NI " . 1 2
NTX:Z:H(F )zal® + ZH P(zir)||” = 0p(1).

i=11t=1 i=1t=1

PrROOF: We prove the second result, and the proof of the first result is similar.
Note that (F.57) continue to hold under H;, so the second term on the left-hand

side of the second result is 0,(1). For the first term, we have

1

T
S Yl < I PR Y sl (F76)

1t=1 i=1t=1

™M=

i

Let us define some notation. Let /T* = (ZYZ)7YZ7 Ay for Ay = Y, Uy ey,

where W, = (a(z10) + BGzu) fir - - alzne) + Blzne) fo). Let Y* = (Y, ..., Y7),
U* = (U%,...,03) and E* = (&%,...,&). Then [* = (U + E*) My E(F' MpF)~

It is easy to show that I = (U*MyF/T)(F'MyF/T)""H + 0,(1) by Theorem
C.1. From the proof of Lemma F.31, I' = (U My F/T)(F'MyF/T) " H + op(1).
Moreover, it can be easily shown that (\I_}* - @)MTF/T = 0,(1). Thus,

A

[ =T = (U = O)F/T(F'F/T)™" = o0,(1). (F.77)

By Assumption A.8(ii), SN, 7, ||z«/?/NT = O,(1) by the Markov’s inequality.
This together with (F.76) and (F.77) implies that the first term is also o,(1). W

Lemma F.33. Let Dy and D3 be given in the proof of Lemma F.27.

(i) Assume (i) N — oo; (i) T — oo or T > K + 1 is finite; (iii) J — o0
with J2€2log J = o(N). Under Assumptions A.1-A.5, A.8(i) and (i), |D2B||% =
O,(1/N?).

(ii) Under Assumptions A.1(i), A.2(ii), (iv), A.3, A.8(i) and (i), |Ds||3 =
O,(J~%%/N).

PRrROOF: (i) By Assumptions A.3, A.8(i) and (ii), we may follow a similar argument
as in the proof of Lemma F.3(ii) to obtain || E||%/T = O,(1/N). Since | DyB|r <
|B'E||p|| E||r/T, the result then follows from Lemmas F.7(i).

(ii) Note that ||E|%/T = O,(1/N) from the proof of (i). Since ||Ds|lp <
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|A|l#||E|| /T, the result then immediately follows from Lemmas F.3(i). [ |

Lemma F.34. Suppose Assumptions A.1-A.3, A.5(iii), (iv), A.6, A.8(i)-(iii)
hold. Let V' be given in the proof of Theorem C.1, D; and E be given in the
proof of Lemma F.27. Assume (i) N — oo; (i) T — oo or T > K + 1 is finite;
(i) J — oo with J = o(v/N). Then there exists an M x (K + 1) random matriz
N, with vec(N,) ~ N(0,9,) such that

Lo 1 1
|IVNTD:BV ™' — Gr|r = O, <JH + N1/6>

and

IWNITElr = Nuall = 0y (5775 )

where Q. is given in Lemma F.27, Gpr = N,2B'BM, M is a nonrandom matriz

in Lemma F.15, and N, ; and N, 5 are first column and the last K columns of N,.

PROOF: Let Lyr. = ¥ N 2 Z{e(fe — f)/VNT and InT. = 2/ 1 Qs Zjes]
VNT. By a similar argument as in the proof of Lemma F.13,

N 1 1
|| V NTDlBV_l - LNT,zB,BMHF = Op (J’f + ]\[1/4> (F78)

and

WN/TEL: = tvrl) = 0, (57 ) (F.79)

By a similar argument as in the proof of Lemma F.14, there exists an M x (K +1)
random matrix N, with vec(N,) ~ N(0,€,) such that

1
[(xvres £xr.) = Nelle = 0y (5775 ) (F.80)
Thus the result of the lemma follows from (F.78)-(F.80). |

Lemma F.35. Let D; and D3 be given in the proof of Lemma F.29.
(i) Assume (i) N — oo; (i) T — oo or T > K + 1 is finite; (iii) J — oo
with J*¢%1log J = o(N). Under Assumptions A.1-A.5, A.7(i), A.8(ii) and (iv),
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D3 BI% = O,(1/N?).
(ii) Under Assumptions A.1(i), A.2(ii), (iv), A.3, A.7(i), A.8(ii) and (iv),
D517 = Op(J7/N).

PRrROOF: (i) By Assumptions A.3, A.7(i), A.8 (ii) and (iv), we may follow a similar
argument as in the proof of Lemma F.21(ii) to obtain || E*||%/T = O,(1/N). Since
|D;B||r < |B'E|r||E*||r/T, the result then follows from Lemmas F.7(i).

(i) Note that ||[E*||2/T = O,(1/N) from the proof of (i). Since | D*s||p <
|A|l #||E*||#/T, the result then immediately follows from Lemmas F.3(i). [ |

Lemma F.36. Suppose Assumptions A.1-A.3, A.5(iii), (iv), A.6, A.7(i) and
A.8(ii)-(iv) hold. Let V be given in the proof of Theorem C.1, Dy and E be
given in the proof of Lemma F.27, and Dj and E* be given in the proof of Lemma
F.29. Assume (i) N — oo; (ii) T — oo or T > K + 1 is finite; (iit) J — oo
with J = o(v/N). Then there exists an M x (K + 1) random matriz N* with
vec(NE) ~ N(0,52,) conditional on {Y;, Z; }1<r such that

* DY/ — * 1 1
IVNT(D} — D) BV~ — \/oGil[r = O, <Jﬁ + N1/6>

and

L 1
IV/N/T(E 1z = Elz) = VaoNz, = Oy (56 )

where €1, is given in Lemma F.27, Gf. = N ,B'BM, M is a nonrandom matriz

in Lemma F.15, and N} | and N} , are first column and the last K columns of N7.

PROOF: Let Liy. = Y01 Qii Zei(fr — f)/VNT and {3y, = S, Qi1 Z e,/
VNT. By a similar argument as in the proof of Lemma F.19,

R 1 1
IVNTD{BV " — L. B BM||p = (JH + W) (F.81)

and

WNTE 1 = 6 )| = 0, (5527 )- (F.82)

36



Let E?\/T,z = ZtT:1 Qt_zl(Zg6 — Zy)'efr — J;)I/\/W = EﬁT,z — Lyt and g}kVT,z =
S Qi (Zf—Z,) e /]VNT = (N7, — {NT,2- By a similar argument as in the proof
of Lemma F.20, there exists an M x (K + 1) random matrix N* with vec(N¥) ~
N(0,9,) conditional on {Y;, Z; };<7 such that

% * * 1
(s Eive.) = VaN:le = Oy (5777 ) (F.53)
Thus, the result of the lemma follows from (F.78),(F.79) and (F.81)-(F.83). N

Lemma F.37. Suppose Assumptions A.5(iii), A.8(ii) and (v) hold. For any given

positive constant C,

wp | S () — Wl — LSS B (1) — W]
imje<c | NT | l YONT z Z

i=11t=1

= 0p(1).

PRrROOF: Let Ac = {Il € RM™*E ||TT||r < C} for C > 0, and F¢ = {¢(-,10) :
Clz1, 20, 11) = SE|18(2) — % ||?/T for I1 € Ag} be a class of functions
¢(-,11) indexed by IT € Ac. We aim to show suppea,, |+ Sy C(zi1, -+, 2z, 1) —
% SN E[C( (2, zir, ID]| = 0,(1). Tt follows that for any II;, I, € Ag,

|C<Zl7"' 7ZT7H1) _C<Z17"' 7ZT7H2)|

1 T
< = ollr > z0(18(z) — Tzl + [[6(z) — )
t=1

T

2
< = Toflr > (11801 + Cllzl®) = T = Mol Gz, -+, 2). (F.84)
t=1
By Assumptions A.8(ii) and (v), max;<ny E[G (21, -+ ,2zir)] < oco. This together

with (F.84) implies that and F¢ is a class of functions that are Lipschitz in the
index Il € Ac with envelop function G. Since A¢ is compact, for every € > 0,
the covering number N(e, Ac, || - ||r) of A¢ with respect to || - ||# is bounded.
By Theorem 2.7.11 of van der Vaart and Wellner (1996), for every ¢ > 0, the
bracketing number Nj(e, Fe, Li(P)) of F¢ with respect to L;(P) is bounded.
Thus, the result of the lemma follows by the Glivenko-Cantelli theorem (e.g.,
Theorem 2.4.1 of van der Vaart and Wellner (1996)). |
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F.6 Technical Lemmas for Theorem 5.1

Lemma F.38. Suppose Assumptions A.1-A.3 hold. Assume (i) N — oo; (ii)
T — oo or T > K + 1 is finite; (iii) J — oo with J = o(\/N). Then there exist

positive constants ¢y and cy such that

C1 + Op(l) S )\K(Y/MT?//T) S Al(}}MT?//T) S Co + 0p(1).

PROOF: By (F.2), \o(Y MY /T) = \e((F'M7rF)T)B'B)+o,(1) fork =1,..., K.
Thus, the result immediately follows from Assumptions A.2(i)-(iii). |

Lemma F.39. Suppose Assumptions A.1(i), A.2(ii), (iv), A.3(i), A.5(i) and A.9
hold. Assume (i) N — oo; (ii) T — oo; (i) J — oo with J = o(min{v/N,/T?})

and J72*N = o(1). Then there exist positive constants c3 and c4 such that

C3 + Op(l) S N)\JM_K_l(Y/MTy,/T) S N)\K_H(?MTY///T) S cy + Op(l).

PROOF: For a matrix A, let o,(A) denote the kth largest singular value of A.
Noting that A\y(AA") = gZ(A), it follows that for k=1,...,JM — K,

Nin(Y MpY') = A ((BF' + E)Mp(BF' + E))|
< ok sk (Y Mr) = oxcsr((BF' + E)My)|* + 2|04 (Y Mr)
— ok +k((BF' + E)Myp)|ok i ((BF' + E)My)
< ||Y My — (BF' + E)Mgp||% + 2||Y My — (BF' + E)My||r
x M2 ((BF' + E)Mp(BF' + E)')
< |A|1% 4 2||A | pA2 L ((BF + E)My(BF' + E)'), (F.85)

where the first inequality is due to the triangle inequality, the second inequality
follows by the Weyl’s inequality, and the third inequality follows from (34) and
the fact that Agx((BF' + E)Mp(BF' + E)') < A1 ((BF' + E)Myp(BF' + E)')
for k > 1. We next show that the right-hand side of (F.85) is asymptotically
negligible and study the behavior of Mg ((BF' 4+ E)Mp(BF'+E)'). Let B = B+
E’MTF(F’MTF)*1 and Mp = Iy — MpF(F'MpF)™'(MrF)'. We may decompose
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(BF' + EYMp(BF' + E)' by
(BF' + E)My(BF' + E) = BF'MyFB' + EMyMpMpE'. (F.86)
Then, (F.86) implies that for k=1,...,JM — K,

M x((BF' + EYMp(BF' + E)) < A1 (BF'MpFB')
+ M(EMpMpMpE') < M(EMpE') < M(EE'), (F.87)

where the first inequality follows by Lemma F.40(i), the second inequality follows
by Lemma F.40(ii) and the fact that the rank of BF’MpFB' is not greater than
K and I — Mp is positive semi-definite, and the third inequality follows since
I — My is positive semi-definite. Moreover, (F.86) also implies that for k& =
1,...,JM —-2K —1,

Meir((BF' 4+ EYMp(BF' + E)') > Mgyn(EMpMpMpE')
= A sr(EMpMpMpE') + M1 (EMp(I — Mp)MpE') > Mogcsr(EMpE')
= Mo u(EMpE") + Mo(E(Ip — Mp)E') > Mogynsr(EE"), (F.88)

where the first inequality follows by Lemma F.40(ii), the first equality follows
since the rank of EMp(I — M, F)MTE’ is not greater than K, the second inequality
follows by Lemma F.40(i), and the second equality and the third inequality follow
similarly. Putting (F.87) and (F.88) together implies that eigenvalues of (BF' +
E)Mp(BF'+E) are bounded by those of EE’. Thus, we may study the behavior of
the eigenvalues of EE’. Recall that Ayp = > Qt_lq)(Zt)’E[gtsQ]@(Zt)Qt_l/NT
in Lemma F.41. By the Weyl’s inequality and Lemma F.41,

sup |)\k(NEE//T) - )\k<-ANT)| S ||NEE,/T - ANTHF = 0p(1). (F89)

k<JM

This implies that the eigenvalues of NEE'/T and Ay are asymptotically equiv-
alent. Then, it follows from (F.87) and (F.89) that

A1 (N(BF' + E)My(BF' + E)'/T)
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<M(NEE'/T) < M\ (Ant) +0,(1) = O,(1), (F.90)

because A (Ayxr) < (ming<r Amin(Q)) ™' maxi<r Amax(Elesc)]) = O,(1) by As-
sumptions A.1(i) and A.9 (i). Combining (F.85), (F.90) and Lemma F.3(i) yields

sup  |[NAgyr(Y MY’ /T) — NAgx((BF' + E)YMp(BF' + E)'/T)| = 0,(1). (F.91)
k<JM-K

This means that NAg x(YM7zY'/T) and NAg,w((BF' 4+ E)Mp(BF' + E)'/T)
are asymptotically equivalent. By the triangle inequality, it follows from (F.87)-
(F.89) and (F.91) that

Aar(Anr) + 0,(1) < NAjar—x 1 (Y M7Y')T)
< N1 (YMpY')T) < M (Anr) + 0,(1). (F.92)

Since Ay (Anr) < (minger Amin(Qr)) "' maxi<r Amax(Ele}]) and Ay (Anr) >
(maxi<r )\max(Qt))_l min;<7 Amin(E[e:€}]), the result of the lemma then follows
from (F.92), Assumptions A.1(i) and A.9(i). [ |

Lemma F.40 (Weyl’s inequalities). Let C' and D be k x k symmetric matrices.
(i) For everyi,j7 > 1 andi+j—1<k,

Aigj-1(C + D) < N(C) + A;(D).
(i) If D is positive semi-definite, for all 1 < i <k,

Xi(C+ D) > N(0).
PROOF: The results can be found in Section II1.2 of Bhatia (1997). Also, see the
appendices of Ahn and Horenstein (2013) and Fan et al. (2016). [

Lemma F.41. Let Ayr=5"", Q7' ®(Z,) Ee,e})®(Z,)Q7 ' /NT and E be given in
the proof of Theorem C.1. Under Assumptions A.1(i), A.3(i), A.5(i) and A.9(ii),
o J2 J2

INEE'/T — Ant|% = O, <N + T) :
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PROOF: Let E. denote the expectation with respect to {e;}:<r. To simplify the
notation, let QZJZ-,: = (b(zit)Qt_l and v, = eyej — Elenej]. Since ||Al|F = tr(AA'),

1

EE[HE_'E//NT — -ANTH%] — WEs

T N N A oA
tr (Z Z Z Z Z Vit }tVz‘jthesl/Jst;gs)]

t=1 s=14i=1 j=1 k=1 ¢=1

min Auin (Q0) 1o 20 2 20 30 3 Sl 9 lll6 o)l 16 e

X |cov(eieji, Exstrs)|, (F.93)

where the second equality follows by the independence in Assumption A.3 (i) and
the fact that both expectation and trace operators are linear, and the inequality
follows since [|t]| < (Amin(Q:)) | é(2i2)||. Moreover,

B335 50 Sl otz Mo 16z lleov (e zxszes)
< max Elllo(z0 110303030 30 3 cov(eutsis swaces)

Y " T T N N N N
< J‘M max  Fl¢ (zztmﬂZZZZZ |cov(eiejt, €rsces)], (F.94)

(<IMi<NE<T

&~
Il
—
[
Il
—
~
I
—_
<.
I
—_
bl
Il
—_
o~
=

where the first inequality is due to the Cauchy-Schwartz inequality, and the second
one follows since max;<y i<z E|||é(zi)||Y] = J*M? maxe<jari<ni<t Bl (zitm)]-
Combining (F.93) and (F.94) implies that E.[|EE'/NT — Ant|/%] = O,(J?/N +
J?/T) by Assumptions A.1(i), A.5(i) and A.9(ii). Thus, the result of the lemma
follows by the Markov’s inequality and Lemma F.5. |
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