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Abstract
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a multiplicative volatility factor (MVF) model, where stock variance is repre-
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1 Introduction

Volatilities-intrinsically linked with macro- and microeconomics—play a central role
in investments, asset pricing, risk management and monetary policies. Nowadays, we
have witnessed the impact of geopolitical turmoils, pandemics and climate change on
the clearly more than ever uncertain and connected global economy. The imminent
era of long-lasting instability raises challenges and amplifies the imperativeness of a

better understanding of the volatilities in the financial market.

The past few decades have seen tremendous progress in modeling time-varying
volatilities. Well-known volatility models include the autoregressive conditional het-
eroskedasticity (ARCH) model and the generalized ARCH (GARCH) model (Engle
(1982); Bollerslev (1986)), as well as stochastic volatility models (Clark (1973); Taylor
(1982)).

Thanks to the availability of high-frequency data and recent developments in
volatility measuring with high-frequency data, we can now estimate daily volatili-
ties with high accuracy. The realized volatility (RV) is a consistent estimator of the
integrated volatility (IV) as the sampling frequency increases when microstructure
noise is absent; see, for example, Jacod and Protter (1998) and Barndorff-Nielsen
and Shephard (2002). Various robust IV estimators have been proposed when there
is microstructure noise, including the two-scale realized volatility (Zhang, Mykland,
and ATlt-Sahalia (2005)), multi-scale realized volatility (Zhang et al. (2006)), pre-
averaging approach (Jacod, Li, Mykland, Podolskij, and Vetter (2009), Jacod, Li,
and Zheng (2019)), and quasi-maximum likelihood estimator (Xiu (2010)). Jump-
robust volatility estimators have also been proposed, including the bipower variation
by Barndorff-Nielsen and Shephard (2004) and the truncated RV by Mancini (2009).
Gongalves and Meddahi (2009) and Hounyo, Gongalves, and Meddahi (2017) develop
bootstrap methods for inference on integrated volatility. Li, Liu, and Xiu (2019) pro-
pose an efficient multi-scale jackknife estimator for integrated volatility functionals.
Empirically, Liu, Patton, and Sheppard (2015) find that the simple 5-minute RVs
achieve high estimation accuracies. RV-based models have been further studied for
volatility prediction, including fractionally-integrated Gaussian vector autoregression
for log RV (Andersen, Bollerslev, Diebold, and Labys (2003)) and heterogeneous AR



Model (HAR, Corsi (2009)).

To have a concrete idea of daily volatilities in the market, we compute the daily RVs
of S&P 500 Index constituent stocks using 5-minute intraday returns between 2003
and 2020, pick out a few stocks, more specifically, the stocks that have their mean
RVs on the 30%, 50%, and 70% quantiles, and plot the time series of their RVs in
Figure 1.
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Figure 1: Time series plots (log scale) of three representative S&P500 Index con-
stituent stocks” RVs (RV 30%, RV 50%, RV 70%) based on 5-minute intraday returns
from 2003 to 2020 with mean RVs falling on the 30%, 50%, 70% quantiles of all mean
RVs.

Figure 1 shows clearly that the stock RVs co-move. Such a co-movement feature
in volatilities has been well-documented. For example, Engle, Ito, and Lin (1990)
and Calvet, Fisher, and Thompson (2006) examine exchange markets, Susmel and
Engle (1994); Da and Schaumburg (2006) and Kelly, Lustig, and Van Nieuwerburgh
(2013) study equities, and Bollerslev, Hood, Huss, and Pedersen (2018) and Engle
and Martin (2019) study global multiple asset classes. The volatility co-movement
has been used in volatility forecasting; see, for example, Luciani and Veredas (2015);
Asai and McAleer (2015); Barigozzi and Hallin (2017), and Bollerslev, Hood, Huss,
and Pedersen (2018).

The co-movement in volatility is not surprising as it is well known that returns ad-
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mit a factor structure, such as the capital asset pricing model (CAPM, Sharpe (1964)),
Fama-French three-factor/five-factor /six-factor models (FF3/FF5/FF6, Fama and
French (1993, 2015, 2018)), multi-factor and approximate factor models (Ross (1976);
Chamberlain and Rothschild (1983); Chen, Roll, and Ross (1986)). When volatili-
ties are stochastic, the factor structure in returns will induce a factor structure in
variance, which leads to the volatility co-movement. An interesting question then

arises:
Is the co-movement in volatility purely due to the factor structure in returns?

We find that it is not the case.

First, factors in volatilities can exist even when the return factor is absent. Con-
sider the following example. Suppose that there are N assets with returns R, =
(R, ..., Rye)T. They follow a single factor model, R; = Bf; + U;, where U; =
(U, ..., Uny)T are the idiosyncratic returns. Suppose Uy -~ N(0,07.,), where o7, = a + bd; + 2z,
a>0,b>0, and §; and z;; are independent positive random variables. Under such a
model, the idiosyncratic returns (Uy)1<;<n are uncorrelated, and hence do not admit

a factor structure. The idiosyncratic variances, however, have a common factor ¢;.

An idiosyncratic variance factor structure that is unlikely induced by omitted
return factors is indeed what we find in the empirical data. Our sample includes the
high-frequency data of 291 constituent stocks in the S&P 500 Index between 2003
and 2020. We take the FF3 model as an example. We obtain 5-minute estimated
idiosyncratic returns and the daily idiosyncratic realized variances by regressing the 5-
minute intraday stock returns over the FF3 factors. The principal component analysis
(PCA) on the idiosyncratic returns does not suggest a clear factor structure. In
contrast, the PCA on the idiosyncratic RVs suggests a clear factor structure. The
cross-sectional average of the idiosyncratic variances can be approximately considered
as the factor in idiosyncratic variances. The results are consistent with the findings
of Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016).

Second, the number of factors in stock variance is not necessarily the same as
the number of return factors. In fact, we find strong empirical evidence for a sin-
gle factor in stock variance. We take the FF3 model again as an example. When

performing PCA on four variance factor candidates, namely, the RVs of FF3 factors
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and the common idiosyncratic realized variance factor, we find that they are strongly
correlated with each other, and there exists a common component in the four variance
factor candidates. The common component in the four variance factors is strongly
correlated with the first principal component (PC) in stock RVs, which explains a
majority proportion (60%) of the total variation in stock RVs. The evidence strongly
suggests a common component in stock variances. Our empirical evidence about a sin-
gle variance factor in the stock variances agrees with the findings of Kapadia, Linn,
and Paye (2020), who find a common factor in both market volatility and market

neutral volatilities of a wide range of return factors.

The empirical evidence described above is obtained using PCA on realized vari-
ances. Under the high-dimensional setting, PCA is consistent in identifying factor
structure in returns; see, for example, Bai and Ng (2002); Bai (2003); Fan, Liao,
and Mincheva (2013); Ait-Sahalia and Xiu (2017), and Ding, Li, and Zheng (2021).
However, unlike returns, volatilities are not observable and have to be estimated.
The resulting estimated variance contains errors that accumulate as the dimension

increases. This leads to an important question:
Is PCA-based estimation valid in identifying the factor structure in stock variances?

To address this question, we establish a framework to study the factor structure
in stock variance under a high-frequency and high-dimensional setup. In brief, one
estimates stock integrated variances using realized variances and then conducts PCA
on the sample covariance matrix of the stock realized variances. We prove the con-
sistency of such a procedure in estimating the factor structure in stock variance.
Specifically, we develop statistical theories about the explicit convergence rate in es-
timating the population covariance matrix of the stock variance using the sample
covariance matrix of the stock realized variances. Furthermore, we obtain the con-
vergence rate in using PCA to estimate the factor structure when it exists in stock
variance. We also obtain the consistency results for the factor structure estimation
in idiosyncratic variances using PCA on idiosyncratic realized variances, which are
based on estimated idiosyncratic returns from regressing the high-frequency stock re-
turns over factor returns. It is worth pointing out that our setting is different than

the usual error-in-variable setting because the errors in RVs are not i.i.d..



Next, we investigate the following question:
What model could suitably describe the volatility co-movements?

We propose a multiplicative volatility factor (MVF) model for stock volatility. We
observe a high correlation between the first PC and the cross-sectional average of
stock realized variances, which we term common realized variance (CRV). It suggests
that the cross-sectional average of variance, or common variance (CV), can be ap-
proximately considered as the single factor in stock variance. We also find strong
empirical evidence from the analysis of the usual additive linear model that the vari-
ance factor model is in a surprisingly neat multiplicative format. In our proposed
MVF model, the variance is represented by a multiplicative common factor and a
multiplicative lognormal idiosyncratic component, which we term the idiosyncratic

variance exposure.

Our proposed MVF model has a number of desirable properties. First, the
model captures important volatility characteristics such as non-negativity and heavy-
tailedness. Second, it incorporates the co-movement in the volatility in a simple
way, which makes the model estimation straightforward. The common multiplicative
factor can be well approximated by the common variance. The idiosyncratic vari-
ance exposure is then simply the variance divided by the common variance, based on
which, the two model coefficients, mean and standard deviation of the idiosyncratic
lognormal component can be estimated. The simplicity of the MVF model makes it
particularly attractive for the study of volatility in a high-dimensional context. Third,
the MVF model enjoys internal model consistency. To be more specific, under the
MVEF model, the volatility of a stock portfolio inherits the common factor from the
underlying stock volatilities, while other factor model structures such as the log-linear

factor model do not have such a desirable property.

Finally, we address the following question:
How much could the MVFEF model be helpful?

We mainly answer this question from the perspective of volatility forecasting. Under
our proposed MVF model, we simply predict the CV factor and the multiplicative

idiosyncratic components separately using log HAR models. The stock volatility



forecast is the multiplication of the forecasts of the two components. We use the
MVEF model to predict daily volatilities of the S&P 500 Index constituent stocks be-
tween 2004 and 2020. We find that our approach outperforms the benchmark models
by generating lower Q-like losses. When checking stock by stock, the outperformance
of our approach is statistically significant in a majority (around 90%) of the stocks

we evaluate.

Our proposed MVF model is built upon empirical evidence from the US stocks.
Beyond the US market, we also find that the MVF model applies to the global market
based on a parallel analysis using daily realized variances of 31 global equity indices.

In addition, the MVF model outperforms in the global market volatility forecasting.
To summarize, our contributions lie in the following aspects:

First, we develop a framework to study the factor structure in stock variance (and

idiosyncratic variance) using high-frequency data under a high-dimensional setup.

Second, we establish theoretical support for using PCA on realized variances to

estimate the factor structure in stock variance (and idiosyncratic variance).

Third, we propose a single factor volatility model with a multiplicative idiosyn-
cratic component, the MVF model, based on strong empirical evidence in US stocks.
Our MVF model has several desirable features that make it attractive in various

applications.

Fourth, we utilize the proposed MVF model for volatility forecasting. Our model

performs dominantly well compared with various benchmark approaches.

Last but not least, we show that our MVF model applies to the global market
and helps predict the volatilities of global equity indices.

The rest of this paper is organized as follows. In Section 2, we discuss the evidence
of factor structure in variance. We develop the MVF model in Section 3. Section 4
presents the out-of-sample volatility forecasting results. In Section 5, we examine
our MVF model in the global equity indices. Section 6 contains concluding remarks.
Proofs and additional empirical results are collected in the Supplementary Materials
Ding, Engle, Li, and Zheng (2022).



2 Evidence of Factor Model for Volatility

2.1 Data

We focus on the S&P 500 Index constituent stocks in 2003 and exclude the least liquid
stocks that have more than 20% zero 5-minute returns from January 2003 to Decem-
ber 2020. We collect high-frequency stock prices from the TAQ database. Following
the common data cleaning procedure (e.g., Ait-Sahalia and Mancini (2008)), “bounce
back”s are removed. We sample the log prices starting from 9:35 until 16:00, using
the previous-tick approach (Gengay, Dacorogna, Muller, Pictet, and Olsen (2001)).
Regarding the sampling frequency, we use 5-minute log-returns for which the market
microstructure noise can be safely ignored (Liu, Patton, and Sheppard (2015)). Hol-
idays, half trading days and overnight returns are eliminated. Same as the treatment
in Li and Xiu (2016), we also remove May 6, 2010, the day when the “Flash Crash”
occurred. After the cleaning procedure, we obtain 291 stocks for 4491 trading days
in 2003-2020, and each stock has 77 5-minute intraday log-returns per day. About
return factors, we consider the Fama-French three-factor model (Fama and French
(1993)) and use 5-minute returns of the market, the small-minus-big (SmB) and the
high-minus-low (HmL) portfolios.'

Following Bollerslev and Todorov (2011); Ait-Sahalia, Fan, and Li (2013) and
Li, Todorov, and Tauchen (2017), for each stock ¢ and each day t, we estimate
Riwin 1Ry 1<viys 1 < 7 < 77, and vy is set to be vy = 3y/min(RVj,, BVi) x

Anp s Ap Ap
AN A, = 1/T7, RV = Z£1:/1 ]Rit[ﬂ’ and BV = 5[1[/1£n}—]1 251:/2 ! | Riafs) Rt |
is the bipower variation (Barndorff-Nielsen and Shephard (2004)). We apply the same

, : : 7
the continuous component of variance with RVS = > jzl(RZ”t[j])2, where Rl . =

truncation procedure to the high-frequency factor data to obtain the continuous com-
ponent of the factor return. The truncated factor returns are denoted by F*. Our
analysis is based on the truncated returns R', truncated factor returns F'" and the
continuous component of realized variance, RV ¢. For notational ease, when there is no
ambiguity, we denote the truncated return R by R and the continuous component
of realized variance RV by RV .

"We thank Saketh Aleti for sharing high-frequency factor data from the paper Aleti (2022).



2.2 Factor Structure in Idiosyncratic Variances

We analyze daily idiosyncratic realized variances constructed from 5-minute returns
of S&P 500 Index stocks and the Fama-French three-factor model. Specifically, we
regress the 5-minute intraday returns over the Fama-French three factors, from which
we get the idiosyncratic returns and the corresponding idiosyncratic realized vari-
ances. We find that PCA on the idiosyncratic returns shows no evidence of a factor
structure. In contrast, PCA on the idiosyncratic realized variances shows that the
first PC accounts for a large proportion (49%) of the total variation in idiosyncratic
realized variances. In addition, consistent with the results in Herskovic, Kelly, Lustig,
and Van Nieuwerburgh (2016), we find that the first PC has a high correlation (0.955)
with the cross-sectional average of the idiosyncratic realized variances, that is, the
common idiosyncratic realized volatility (CiRV). Therefore, the cross-sectional aver-
age of idiosyncratic variance, or common idiosyncratic variance (CiV),? can be con-
sidered as the factor in idiosyncratic variance. Beyond the Fama-French three factors,
we also use statistical factors to check the robustness of our findings. The results are

similar.?

2.3 Factor Structure in Stock Variances

The factor structure in stock returns naturally induces a factor structure in stock

variance. For example, under the FF3 model, we have

Vit :/Bz‘QMktVMk:tt + 5Z~2HmLVHmLt + /BgsmBVSth + Vit

+ covariance terms,

where V;; and Vy,, denote stock and idiosyncratic variances, respectively, and Vi,
Vimr: and Vs, g, are the factor variances. Hence, the return factor variances (Vig,

Vimr, Vsmp) are potential factors for the stock variance. Moreover, as discussed in

2In Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016), CIV refers to the cross-sectional
average of standard deviations, while in our paper, we refer to CiRV as the cross-sectional average
of idiosyncratic realized variances. We refer to CiV as the cross-sectional average of integrated
idiosyncratic variance. Despite such a difference, we still use the name CiV. We find this name
nicely summarizes the most important first principle component.

3The detailed results are available upon request.
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Figure 2: Eigenvalue ratios of the sample covariance matrix (left panel) and sample
correlation matrix (right panel) of FF3 factors’ RVs and CiRV.

the previous section, a single factor exists in idiosyncratic variance, CiV. Therefore,
altogether, there are four potential factors in stock variances. An interesting question

arises, namely, are there indeed four factors?

To address this question, we first employ PCA on the four variance factor can-
didates, namely, the three return factor realized variances (RViyxt, RVimr, RVsms),
and the common idiosyncratic realized variance, CiRV. We compute the eigenvalue
ratios, which are the eigenvalues divided by the sum of the total eigenvalues, and plot
the results in Figure 2. Surprisingly, we find that the first PC explains more than
90% of the total variation in the four variance factor candidates, suggesting a single

cominon Component .

We then perform PCA directly? on the stock RVs, and compute the ratio of the top
eigenvalues over the sum of the total eigenvalues, based on both the covariance matrix

and the correlation matrix of the stock RVs. The results are plotted in Figure 3.

Figure 3 shows that a high proportion (60%) of the total variation in stock RVs
can be explained by the first PC, while the second and other PCs do not account for
a proportion substantially higher than the remaining. These observations suggest a

single factor model for the stock variances. We also estimate the number of factors

4Qutliers are removed by 95% winsorization to avoid the effect of extreme variations in the RVs.
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Figure 3: Top ten eigenvalue ratios of the sample covariance matrix (left panel) and
sample correlation matrix (right panel) of stock RVs.

using estimators from Bai and Ng (2002) and Ahn and Horenstein (2013), and the

results also suggest a single factor model for the stock variances.

We next compute the pairwise correlations among the variance factor candidates,
which are the return factor RVs (RViki, RVimr, RVsmp), the CiRV, and in addition,
the first PC (PCgry) in stock RVs. The results are summarized in Table 1.

Table 1:

PC in the stock RVs.

Pairwise correlations among RV, RVymr, RVsmp, CiRV, and the first

CiRV
PCgry  0.970
CiRV
RVrke
RVymr

RV

0.868
0.848

RVHmL

0.800
0.788
0.680

RVsmp
0.827
0.855
0.920
0.689

Table 1 shows that all variance factor candidates are highly correlated with an

average pairwise correlation of around 0.80, and are also highly correlated with the
first PC in the stock RVs. These results are consistent with the findings in Li, Todorov,

and Tauchen (2016), which show a high correlation between the spot market factor
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volatilities and idiosyncratic volatilities of sector portfolios. Kapadia, Linn, and Paye
(2020) also have similar findings about the high correlation between market volatility

and the market neutral volatilities of a wide range of return factors.

In summary, we find compelling evidence for a single factor structure in stock

variance.

2.4 PCA Consistency of Using Realized Variance in Estimat-

ing Factors in Integrated Variance

The empirical studies in Sections 2.2 and 2.3 are based on realized (idiosyncratic)
variances, which inevitably contain estimation errors. Because both the number of
assets and the time span are large, the estimation errors accumulate. In this section,
we analyze the consistency of conducting PCA on realized variances in identifying

factor structure in integrated variances.

2.4.1 Continuous-time Log Price Process

We consider the following continuous-time factor model for log prices:

where (Y;) is an N-dimensional log price process, (X;) is a K-dimensional factor
process, (Z;) is the idiosyncratic component, oy =: (ayy, ..., anr)? is the drift term,
and B = (B, ..., Bx)T =: (Bix) is a factor loading matrix of dimension N x K.

For any matrix A = (a;;), we denote the entrywise norm as ||Al|max = max; ; |a;;l;
the spectrum norm is denoted as [|A[|s := maxx|,<1 [|Ax|2, where ||x[|s = /Y z;
and the minimum singular value and the maximum singular value are denoted as

Amin(A) and A\pax(A), respectively.

We make the following assumptions.

Assumption 1. (X;) and (Z;) are continuous Ito semimartingales:

t t t
Xt:X0+/ hsds+/ n.dW,, Zt:/ ¢.dB,,
0 0 0
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where (W) and (By) are independent Brownian motions, and hy is the drift term
for factors. We write the spot covariance matriz of (X;) and (Z;) as ® = mn!
and ©; = (CI'. The processes (1) and (¢;) are cadlag, and ®;, ®;_, O; and O;_
are positive definite. In addition, max (|| B|max, SUPs> |0 lmax, SuPssg [[Ps[lmax) < C,
and Apin (E(fo1 <I>sds)) > ¢ for some constants ¢,C > 0.
Finally, the mizing coefficients p(x) = SUDAc 70 Beree |P(AB) — P(A)P(B)|, where

FOo, F2 are o-algebras generated by {(®4,©y) : —oo <t < 0} and {(®4,©;) : x <
t < oo}, respectively, satisfy that p(x) < ¢y exp(—caX) for some constants c¢y,co >0

and any positive integer x.

For each day ¢t = 1,...,T, we denote the integrated variances and integrated id-
iosyncratic variances of N stocks as V; = (Viy, ..., Vay)T and Viry = (Vg - Voone) 7

respectively, namely,
t t
V;t = / \IlTﬂ'idT, and VU;it = / @T,iidTg 1 S ) S N, (22)
t—1 t—1

where ¥, = 8®,87 + ©,. We define Vpy, = [ | ®,0dr, 1 < k < K, and Vi, =
(VEags oo VEr) T

Suppose that we observe log-returns of stocks and factors at sampling frequency
A,. Foreacht=1,....,Tand j =1,....,n:= [1/A,], we write the log-returns of stocks

and factors as Ry; and Fyj;, respectively, where

Ry =Y 11a, — Yictia,G-1) = (Rigys - Bvg)’,  and
Fy) = Xi 110, — Xeorrang-1 = (Fug)s - Fra) "

Model (2.1) induces a factor model for high-frequency returns:

t—1+Anj

Ry = o) + BEy) + Uy, o) = / ads, and
t=1+An(j—1) (2.3)

Uyj) = Zi-14anj — Zi—14anG-1) = Urg)s - Unai)

where Uy;) is an N-dimensional vector of idiosyncratic returns.

The realized variance of stock ¢ on day t, RV}, is defined as RV}; = 2?21 R?’tm. It

is consistent in estimating the integrated variance and enjoys /n rate of convergence.
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2.4.2 Stock Variance Factor Estimation

Next, we present the theoretical results for the estimation of factor structure in stock

variance. We make the following assumptions on the stock volatility processes.

Assumption 2. The integrated variances (ftt—1 W, ,dT)1<i<n are stationary, and
SUP,en E<(supt71§s<t \Ilsjii)M> < ks for some positive constants ks, M > 0 and for
allte N, 1 <i<N.

Assumption 3. The covariance matrix of integrated variances, ¥y = Cov (V}),
satisfies that for some constants ¢,C > 0, ¢ < Ay;/N < Ay;—1/N < C and A\y,;—1/N—
Avi/N >c for1 <i<gq, and c < \y; < C forq<i <N, where \y; > ... > Ayy

are the eirgenvalues of 3y, and q is a fixed positive integer.

Assumption 3 is a standard assumption in factor models (Bai (2003); Fan, Liao,
and Mincheva (2013)). It implies that the integrated variances admit a factor struc-

ture with ¢ (strong) factors.

To estimate Xy, we use the sample covariance matrix of the realized variances,
1 T
S _ v T
Yry = T ;:1 (RV, — RV)(RV, — RV )",

where RV, = (RVAy, ..., RVyr)T and RV = 3. RV;/T. We denote the ith eigenvec-
tor of 3y, by &y, i, the ith largest eigenvalue of by rv by XRVi and the corresponding
eigenvector by ERVZ., 1<i<N.

The next theorem gives the error bound of > ry in estimating Xy,.

Theorem 1. Under Assumptions 1 and 2, if logT/|log A,| = O(1), N = O(T") for
some vy > 0, and the M in Assumption 2 satisfies M > 4(1 4 27), then

S log N
||ERV - EVHmaX - Op ( V An + %., ) (24)

14



In addition, if Assumption 3 holds, then

XRV logN
max M (\/ nt/ and (2.5)
log N
max I€Rv; — (\/ > (2.6)

Theorem 1 guarantees that if a factor structure exists in the stock variance, then
it can be consistently estimated by conducting PCA on the stock RV as long as
max <An, (log N)/T) — 0.

2.4.3 Idiosyncratic Variance Factor Estimation

In this subsection, we give the consistency results of conducting PCA on realized
idiosyncratic variances in identifying factor structure in integrated idiosyncratic vari-

ances.

~

Under the factor model setup, we obtain the factor loading estimator 8 =:
(31, . ,BN)T the estimator o, = (Gny, ..., )" of the average drift o, = = [1/A Zt ) Z[I/A”] Oty
and the idiosyncratic return estimator Ut (U1 th]> s U nag) T - Specifically,

= r [I/An] T [I/An] -1
B = (Z (R — R)(Fy; — F ><Z N (Fyy — F)(Fy _F)T> 7

J t=1 j=1

&, =R-BF, and Uy = Ry — &, — BFy,
(2.7)
where R = gy S50, S0 Ry, and F = gy 50, S0 Fyy). The feasi-

ble idiosyncratic realized variance is defined as follows:

(1/An] (1/An] N
Uzt Z t[]] Z (Ri,t[j] — Qi — ,BiTE[j])Z, 1<i<N,1<t<T. (2.8)
j=1

We then estimate 3y, using the sample covariance matrix of (RV )1§1S NA<t<T:

T
Shvp = ZRVA RVg)(RVg, — RVg)",
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where RV, = (RVg.,,, ... RVg.y,)" and RV = £ 3| RV

We make the following assumptions on the integrated factor variances and the

integrated idiosyncratic variances.

Assumption 4. (ﬁq b, 1dr)1<jr<r and (fttf1 O, idT)1<i<n are stationary, and
there exist ks and M such that for all t > 1, 1 < k < K and 1 < ¢ < N,
max <SupteN E(SUPtqgsgt q)é\j[lck)7supteNE(Supt71§s§t O zz)) < ks.

Assumption 5. The covariance matriz of integrated idiosyncratic variance, 3y, =
Cov <VU¢>, satisfies that for some constants ¢,C > 0, one has ¢ < Ay,.;/N <
Mgiici/N < C for 1 < i < r, and ¢ < Ay < C forr < i < N, where
AMyi1 2 Mgz 252> Ayyn are the eigenvalues of Xy, and r is a fived positive

nteger.

We denote by &y,,.; the ith eigenvector of 3y, 1 <¢ < N. For the sample covari-
ance matrix 3 RV the eigenvectors and eigenvalues are denoted by E RV, and \ RVg.,» 1

respectively. The next theorem gives the error bound of using ) RV, to estimate Xy, .

Theorem 2. Under Assumptions 1, 2 and 4, if logT/|log A,| = O(1), N = O(T")
for some v > 0 and the M in Assumption J satisfies M > 4(1 + 2v), then

~ log N
HERVG - 2VUHmax = <\/ ) (29)

In addition, if Assumption 5 holds, then

~

>\RV
max
1<i<r

(\/_ logN> and (2.10)

1285 I€rv, i — Eviillz = (\/_+ \/ 10gN> (2.11)

Theorem 2 guarantees that if a factor structure exists in the idiosyncratic variance,

then the factor structure can be consistently estimated by conducting PCA on the
idiosyncratic RV provided that max <An, (log N)/T ) — 0.
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3 Factor Modeling for Stock Volatility

3.1 Common Variance Factor

The empirical evidence in Section 2.3 suggests that both return factor variances and
idiosyncratic variances are driven by a single variance factor. In order to construct the
single factor, by Theorem 1, we can use the first PC in stock RVs. Alternatively, one
can take the common variance (CV) of stocks, which is defined as the cross-sectional

average of stock integrated variance:

1 N
Ovtzﬁgvit.

Correspondingly, the common realized variance (CRV) is defined as follows:

N
1
CRV, = v ; RV,

Rescaled first PC in stock RV and CRV

—log rescaled first Cin RV
- = log CRV

2e-03 5e-03

2e-04 5e-04
|

5e-05

Jan-2003 Jan-2005 Jan-2007 Jan-2009 Jan-2011 Jan-2013 Jan-2015 Jan-2017 Jan-2019

Figure 4: Time series plots of common realized variance (CRV) and rescaled first PC

in stock RVs. The plots are drawn on a log scale to improve visibility.

In Figure 4, we plot the time series of CRV and the first PC in stock RV rescaled
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to have the same mean and standard deviation as CRV. We find that the first PC
in RVs largely coincides with CRV. They have a high correlation of 0.979. The
results suggest that CV can be approximately considered as the single factor in stock
variance. Compared with the first PC, the CV factor is more interpretable and easier

to estimate.

Remark 1. Besides CV, we also evaluate VIX (the CBOE Market Volatility Index,
transformed to daily variance) as a possible candidate for the volatility factor. The
correlation between VIX and the first PC in stock RVs is lower than the correlation
between CRV and the first PC' (0.842 vs. 0.979). VIX measures implied volatility
for the future and is more informative in longer monthly/yearly horizons (see, e.g.,
the discussion in Andersen and Benzoni (2010)). In addition, it carries a volatility
risk premium, which complicates volatility forecasting. Given the nature of VIX, we
consider CV as a more appropriate factor proxy in stock volatility. Nevertheless,
in practice, when predicting volatility, people often find VIX to be helpful. In our
volatility prediction method to be introduced in Section /4, replacing CRV with VIX

leads to similar performance.

3.2 Evidence about the Multiplicative Factor Structure
3.2.1 Single Factor Model for Variance

The empirical evidence from conducting PCA on stock RVs suggests the following

factor model:

Vie = agi + bei&e +ecie, 1< <N, (3.1)

where ¢; is the single (latent) factor. Taking average over i on both sides yields
1 — _
C‘/t = N ; V;'t - C_lg + bgft + g&t, (32)

where @c = SN agi/N, be = SN be /N, and Zc, = SN ec/N. We can hence

rewrite model (3.1) using CV as the variance factor:
Vie=a; +b;,CVi+ ey, 1<i<N, (3.3)
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where a; = CL&i - C_Lgbg’i/gg —+ E(E&it) - b£7iE(§§7t)/B§, bl = b&i/l_)g, and Eit = 85’“ —
Ee¢in) = bei(Fer — E(Een)) /be.
To estimate the coefficients a; and b; in model (3.3), we regress RV;; over CRV,,

and obtain

5 ST (CRV, — CRV)(RVy — RV)

; ST CRY,— CRVP , @ =RV, -bCRV, for 1 <i<N,
t=1 t

(3.4)
where CRV =Y./ CRV,/T, and RV, = 3. RV;,/T.

-~

The next result shows that the estimators (a;, b;) are consistent under the following

mild assumptions.

Assumption 6. The factor process (&) is stationary. (€¢;) = ((%H, €€ 2ty o) 55,Nt)T>
is stationary and uncorrelated with &. Moreover, |b¢| > ¢, and || Cov(ee,)|la < C for

some constant ¢, C' > 0.

Proposition 1. Under the assumptions of Theorem 1 and Assumption 6,

~ [log N /1
1%%}]{Vlbz_bz|_0p<\/An+ T + N>7

~ [log N /1
1%%}]<V|ai—ai|—0p<\/An+ T + N)

3.2.2 From Additive to Multiplicative

We estimate model (3.3) using the S&P 500 Index constituent stock RVs. We have

the following interesting findings.

First, when checking the idiosyncratic component ¢;, we find a strong correlation
between €% and C'V/?, while the correlation between &% /CV? and CV? is almost
zero. This result suggests that ¢, scales with C'V;. In addition, after checking the
distribution of ¢;;/C'V;, we find that e; can be well modeled by the multiplication of
CV, and a centered lognormal random variable, namely, ¢;; = CVt( exp(p; + 0izi) —

exp(p; + 02/2)). Details are given in Appendix A.1 of the Supplementary Material.

Second, when further analyzing the coefficients a; and b;, strong evidence suggests

that the intercept terms (a;)i1<;<ny in (3.3) are close to zero. In addition, the slope
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term b; in (3.3) and exp(u; +02/2), that is, the expectation of the lognormal term, are
approximately equal. These results motivate us to impose the restrictions: a; = 0,
and b; = exp(p; +07/2),1 <i < N.

Combining the findings above yields a multiplicative factor model, which we
present in the next subsection. The detailed analysis results are relegated to Ap-

pendix A in the Supplementary Material.

3.3 Main Model: Multiplicative Volatility Factor Model

The analysis in Section 3.2.2 leads us to propose the following Multiplicative Volatility
Factor (MVF) model:

Vie = &exp(p; + 0izi), 1<i<N, (3.6)

where & is the multiplicative latent factor, and exp(u; + 0;z;) is a multiplicative
idiosyncratic component, where z; ~ A(0,1) and is independent with &. We denote

Vi = exp(u; + 0;2;) and refer to it as idiosyncratic variance exposure (iE). We allow

log(Vi;) to be dependent over time. The latent factor & can be well approximated by
the common variance C'V;. Correspondingly, \7;,5 =V /CV,.

The MVF model (3.6) has several desirable properties: 1) it reflects important
volatility characteristics such as non-negativity and heavy-tailedness; 2) it has a sim-
ple form that eases the model estimation and volatility prediction; 3) it enjoys internal
model consistency in the following sense: if a model applies to individual assets, then
it also applies to portfolios of the assets. We explain the three properties in more
detail below.

First, volatility is usually modeled in a multiplicative way. Examples include the
lognormal stochastic volatility model (Hull and White (1987)), EGARCH (Nelson
(1991)), and realized-GARCH with log-linear specification (Hansen, Huang, and Shek
(2012)). The multiplicative model (3.6) naturally captures important features in

volatilities such as non-negativity and heavy-tailedness.

Second, the MVF model (3.6) has a surprisingly neat format, which makes the

model estimation and volatility prediction very straightforward. The common factor
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is the common variance, and the only two model parameters, p; and o;, can be
easily estimated using the sample mean and standard deviation of log(}ﬁ?it), where
RV i+ = RV /C RV, is the idiosyncratic realized variance exposure (iRE). For volatility

forecasting, log(CV;) and log(V;;) can be separately modeled by, for example, a HAR
model (Corsi (2009)).

Third, the MVF model (3.6) is a special case of the additive linear factor model
(3.1), and hence describes the factor structure in variance. When evaluating portfolio
risk, the variance of a portfolio involves a linear combination of underlying stock vari-
ances. Under our MVF model, the portfolio’s volatility inherits the factor component
from the underlying stock volatilities. That is, the MVF model enjoys internal model

consistency.

We find that PCA on log(RV) also suggests a single factor model structure. The

modeling of log variance will lead to a log-linear single factor model:
log(Vir) = a; + bi& + €. (3.7)

Our MVF model (3.6) is closely related to (3.7). However, there are subtle but

important differences between them.

Comparing the MVF model to the single factor model for log variance, we see
that model (3.7) is more difficult to interpret and does not enjoy internal model

consistency. Note that model (3.7) is equivalent to
b; a/.+g/.
‘/it = gt e,

where the coefficient b, becomes the exponent, which makes the interpretation diffi-
cult. One natural choice of the factor & in (3.7) is the common log variance (ClogV),
namely, the cross-sectional average of the log variances. We estimate the coefficients ¢’
in the log-linear model (3.7) by regressing log(RV') over ClogRV | the cross-sectional
average of the log RVs. We find that the coefficient b’ varies around 1, with an in-
terquartile range of 0.89~1.08. In particular, b’ can deviate from 1. As a result,

model (3.7) does not enjoy internal model consistency.

In addition, the MVF model has the same format as the linear model for log
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variance with the slope term constrained to be one. Note that if all b = 1, then
model (3.7) becomes our MVF model (3.6). The difference between the two is the
choice of factor. Under the linear model for log variance, a natural choice of the factor
is ClogV. We find that CRV and the exponential of ClogRV are almost identical with
a correlation higher than 0.99. The volatility prediction performance of the MVF
model and the constrained log-linear model is also very similar. We conclude that
the MVF model is almost equivalent to the log-linear single factor model with the

slope term constrained to be one.

As a result of the above comparison, we recommend our MVFE model for variance

over the linear model for log variance.

Remark 2. Barigozzi and Hallin (2020) discuss a factor model for log variance and
the estimation consistency of the factor structure. However, we find that modeling
variance rather than log variance has several advantages as discussed above. In addi-
tion, they assume no heteroskadasticity in returns. In contrast, we model the dynamic
volatilities and naturally allow heterokasticity in returns. Moreover, our model does

not rely on factor structure in returns.

Remark 3. The MVF model (3.6) can be easily modified to include multiple factors.
When multiple factors exist, the generalized MVF takes the following form:

K
Vi = (kat exp(,u;ﬂ-)> exp(oizi), 1<i<N, (3.8)

k=1

where (fkt)szl are K factors, and (exp(,uki + Uizit))le are the multiplicative id-
iosyncratic exposures. Model (3.8) can be analyzed, estimated, and used in volatility

forecasting in a similar way to the single factor model.

4 Volatility Forecasting

In this section, we utilize the proposed MVF model (3.6) for volatility forecasting.
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4.1 Forecasting Models
4.1.1 Ouwur Approach: MVF Model

We use C'V; as the proxy of the latent factor in our proposed MVF model (3.6).° The
idiosyncratic variance exposure is ‘7; = Vi/CV;. We estimate C'V; by the common
realized variance C'RV; and compute the idiosyncratic realized variance exposures
(iRE), EIZ-t := RV, /CRV; for i = 1,...,N. Then, we model the log(C'RV;) and
log(RV ;) separately using the HAR model® (Corsi (2009)):

Tpp1 = 0o + Ogxy + Opi54 + O Ti00 4 + Uy, (4.1)

where x; represents log(C'RV;) or log(f%\‘// it)s Ti—se and x;_904 are the previous one
week and one month averages of x;, respectively, wu; -~ N(0,02), and 6y, 04, O,
0, and o, are constants. The parameters in (4.1) and the models in benchmark
approaches presented in the next subsection are estimated with a 252—da¥\ rolling
window. We denote the forecasts of C'V and ‘71 on day t + 1 as % ++1 and ‘7it+1 for
1 <1i < N. Then, the forecast of the volatility of stock 7 on day t + 1 is

Vitk1 = COVipr X Viggy, i=1,...,N.

We denote the predictions by our proposed MVF model as CViggiar XiEiogrAR-

4.1.2 Benchmark Models

We compare our proposed MVF model with the following benchmark models.

BM1: Individual Volatility Modeling

This approach predicts each stock volatility using a logHAR model.” Specifically,

5We also evaluate the performance of the MVF model by replacing CV with the market volatility
as the factor proxy. The forecasting results are much worse than the model with CV factor.

SFitting log(}/ﬁ// i) with a HAR model is equivalent to first estimating ji; and &; from model (3.6)
with sample mean and sample standard deviation of log(ﬁ/ it), then fitting z;; = (log(l/%\‘// it)— i)/ 0
with a HAR model.

"We also evaluate the forecasting performance of the standard HAR model by fitting a HAR
model directly on variance. When comparing the logHAR model with the standard HAR model, we
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for each stock i, we fit log(RVj;) with a HAR model (4.1). The fitted model is then
used for prediction. This approach does not incorporate cross-sectional information,
neither the factor structure in returns nor in volatilities. We denote the prediction of

this method as Idviograr-

BM2: Return Factor model 4 Individual Idiosyncratic Volatility modeling

This approach predicts systematic and idiosyncratic components of the volatility
separately using return factor models. On each day ¢, we estimate 3 and (Uyj;))1<j<n
using a 252-day rolling window under the Fama-French three-factor model or a sta-

tistical factor model.®

As to volatility forecasting, similar to BM1, the idiosyncratic variance (iV) is
predicted with a logHAR model. To forecast the factor covariance matrix Xp, ,
BM2 uses the realized GARCH-DCC (rG) model. Specifically, we use the realized-
GARCH (1,1) model with a log-linear specification (Eqn. (1), (4) and (5) in Hansen,
Huang, and Shek (2012)) to forecast the factor variances, and use the DCC model
(Engle (2002)) to forecast the correlation matrix of the factor returns. We denote the
resulting forecast of the factor covariance matrix as by Fi.- Then, the forecast of the

stock variance is
Vitw1 = BiE)EFtJFlBi(t) + Vi, 1< N,

This approach utilizes the cross-sectional structure in returns but does not incorporate
the factor structure in idiosyncratic variances. We denote the prediction of the method
under the Fama-French three-factor model as FF3.q+iVieenar and the prediction

under the statistical factor model as StatsF,q+iViograr.

BM3: Return Factor Model + Common Idiosyncratic Volatility Modeling

find that the standard HAR model performs worse.

8Specifically, for the statistical factor model, we use five PCs in stock returns as return factors,
estimated with a 252-day rolling window based on the high-frequency 5-min returns.
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This approach utilizes the return factor model as well as the factor structure in
idiosyncratic variances. Same as the BM2 approach, the systematic/idiosyncratic
components of the volatility are predicted separately and the systematic component
is predicted using the realized GARCH-+DCC model. About the forecasting of the id-
iosyncratic variance, BM3 utilizes the following single factor structure in idiosyncratic
variance:

WVip = coi + 1,01V + e, 1 <7 <N

On each day t, ¢o; and cy; are estimated using a 252-day rolling window regression
of the idiosyncratic realized variance ¢RV; over the common idiosyncratic realized
variance CiRV. We employ a logHAR model to predict the CiV factor. The residual
of the factor model for idiosyncratic variance, e, is modeled by an AR(1), ¢;; =
§igit—1 + ui.? We predict the idiosyncratic variance of stock ¢ on day t 4+ 1 with

% it+1 = Coi(t) + Eli(t)ﬁ/ ++1 + Eit41. The forecast of the stock volatility is

Vity1 = ﬁij(;)EFtHﬁi(t) + Coiry + CiyCtVis1 + €, 1=1,...,N.
We denote the prediction of BM3 under FF3 model as FF3,¢+iV ;v and the prediction
of BM3 under the statistical factor model as StatsF,qc+iVgv.

4.2 FEvaluation Metrics

We evaluate the performance of different models in forecasting daily continuous vari-
ance. We use the same S&P 500 Index consitituent stocks data described in Section
2.1. The evaluation period is from January 2004 to December 2020. The performance
of different approaches is evaluated by Q-like (Patton (2011))':

1 < Vi \ | RVq .
QLIKEiZZZ<1og(R%t)+ > —1) i=1,... N,

9We also check the method that predicts e with 0. The performance is worse than the AR(1)
model.

10Besides Q-like, we also evaluate the performance using out-of-sample R2. Our approach
performs consistently well compared to the benchmark models in most of the years under evaluation.
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where ‘//\;t is stock ¢’s forecast variance on day t, RV}, is the truncated realized variance,
and L is the total length of the forecasting period. The Q-like measure is robust to
the presence of noise in the volatility proxy; see Patton (2011). A smaller Q-like
indicates a better volatility prediction. We use the same formulation of Q-like loss as
Bollerslev, Patton, and Quaedvlieg (2016) so that the Q-likes for different stocks are
standardized by the stocks’ volatilities.

4.3 Forecasting Results

In Table 2, we summarize the Q-likes of different models in forecasting the volatil-
ities of the S&P Index constituent stocks. The results show that our MVFEF model,
CViogiiar XiEiognar, outperforms the benchmark models in that its Q-likes have the

lowest mean, median 25% and 75% quantiles.

Table 2:  Summary statistics of the Q-likes of various forecasting models in pre-
dicting S&P 500 Index constituent stocks’ daily volatilities from January 2004 to
December 2020. The total number of stocks under evaluation is 291, and the length
of the evaluation period is L = 4239. The reported values are the 25% quantile
(Q1), median, mean and the 75% quantile (Q3) of Q-likes across the stocks under

evaluation.
Forecasting models Q1 Median Mean Q3
BM1: Individual volatility modeling
IdviegHAR 0.126 0.135 0.140 0.149
BM2: Return factor model + Individual idiosyncratic volatility modeling
FF3,¢+iViegnar 0.127 0.136 0.142 0.150
StatsF.q +iViegtar 0.129 0.137 0.144 0.150
BM3: Return factor model + Common idiosyncratic volatility modeling
FF3.c+iVav 0.134 0.143 0.159 0.165
StatsF,q+iVaiv 0.136 0.145 0.161 0.166
MVF model
CViegtar XiEiograr 0.120 0.129 0.135 0.142
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We further compare the forecasting performance stock by stock and test the sig-
nificance in Q-like differences between our MVF model and the benchmark models.
Specifically, we compare the Q-like of the MVFE model with the benchmark models
for each stock, and compute the percentage of stocks for which our model generates

lower Q-likes:
N

1
Out.perf. = N ; LiQLIKEwy pi<QLIK By i} (4.2)

where N = 291 is the total number of stocks under evaluation, and QLI K Eyyp;
and QLIKEy,,; are the Q-likes of our MVF model and the benchmark model for
the ith stock, respectively. Furthermore, we perform the Diebold-Mariano (DM) test
(Diebold and Marino (1995)) to examine the significance of the Q-like differences
between our MVF model and the benchmark models. Specifically, we perform the

following one-sided Q-like difference test:
Hy:E(e1s—ext) >0 vs. Hy:E(egr—eqy) <0,

where e,,; = log(r/m,t /RV,)+RV,/ XA/m,t —1 is the Q-like loss, m = 1, 2, which represent
the Q-like loss of our MVF model and the benchmark model, respectively. We write
d; = ey — ea;. The DM test statistic is d/7(d), where d = Zthl d;/L and 7(d) is the
standard error of d estimated by heteroskedasticity-autocorrelation-consistent (HAC)
estimator. We then compute the proportion of stocks where our MVF model generates

statistically significantly lower Q-likes than the benchmark models:

N
. 1
Sig.Out.perf. = N ; 1ip<a}s (4.3)

where p; is the p-value of the DM test for the ith stock, and o = 5% is the significance

level.

The outperformance proportion (Out.perf.) of our proposed MEFV model over
the benchmark models and the significant outperformance proportion (Sig.Out.perf.)
are reported in Table 3. The results show that the MVEF model, CViograr XiEiognAR
yields a more accurate prediction than the benchmark models for almost all the stocks.

Moreover, the DM test results show that the outperformance of our MVFEF model is
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statistically significant for a very high percentage of stocks under evaluation.

Table 3: Outperformance proportion of the proposed MVF model over the bench-
mark models among the S&P Index constituent stocks in terms of the Q-like measure
during January 2004-December 2020. The values are the percentages of stocks for
which the MVF model outperforms the benchmark models.

MVF Model: CViggriar XiEiognar Outperformance proportion
vs. Benchmark models Out.perf. (%) Sig.Out.perf. (%)
BM1: Idviograr 99.3 93.5

BM2: FF3,G+iVieghar 96.9 86.6

BM2: Statsl'.q +1VieghaRr 97.9 93.1

BM3: FF3,¢+iVev 99.3 94.5

BM3: StatsF.q+iVav 99.0 96.6

The prediction results have several implications. First, the outperformance of our
proposed MVF model compared with the model that only uses the individual stock’s
information, BM1:Idvioenar, demonstrates the benefit of utilizing cross-sectional in-
formation in individual stock volatility prediction. Second, our MVF model has a
dominant outperformance compared with the model that uses only return factor mod-
els, BM2: FF3,q+iViegnar and BM2: StatsF,q+iVienar, showing the importance
of incorporating the stock/idiosyncratic variance factor structure. Third, our MVF
model not only simplifies the forecasting but also generates more accurate forecasting
compared with the more complex models, the four-factor model (BM3: FF3,q+iVgiv
and StatsF,g+iV¢iv). These comparisons demonstrate the solid advantages of the

MVF model in volatility forecasting.

5 Global Evidence

The MVF model is built upon empirical evidence from the S&P 500 Index constituent
stocks. We next examine whether the MVF model also applies to the global market.

We perform a parallel analysis of the factor structure in the global market using
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Table 4: Summary statistics of the Q-likes of the forecasting models in predicting
global equity indices’ daily volatilities from January 2001 to March 2021. The re-
ported values are the 25% quantile (Q1), median, mean and the 75% quantile (Q3)
of Q-likes across the indices under evaluation.

Forecasting models Q1 Median  Mean Q3
BMI: IdViegian 0.152  0.185  0.189 0.222
MVEF: CViggtiar XiEiogmar  0.146  0.183  0.183 0.209

daily realized variances of 31 global equity indices!! from January 1, 2001 to March
12, 2021 obtained from the Oxford-Man Institute’s ‘“realized library”. In the global
equity indices’ volatilities, we also find a strong co-movement feature and high pairwise
correlation with a mean pairwise correlation of 0.5. When performing PCA on the
indices’ RVs, we find that a high proportion (67%) of the total variation in global
equity indices” RVs can be explained by the first PC, while the second and other PCs
do not account for a proportion substantially higher than the remaining. The number
of factors estimators (Bai and Ng (2002), Ahn and Horenstein (2013)) also suggest a
single factor in the global indices’ variances. We find that CRV (the cross-sectional
average of all indices’ RVs) has a 0.988 correlation with the first PC and can still
be a good proxy for the variance factor in the global market. In addition, similar to
the US market, strong evidence suggests that the multiplicative factor structure still

holds for the volatilities in the global market.'?

We next evaluate the performance of our MVF model in forecasting the volatil-
ity of the global indices. We forecast the volatility based on our MVF model,
CViegtar XiEiogtaR, and compare the results with the benchmark model BM1:Idvigrar.
We do not include BM2 and BM3 because there is no well-established factor model
for the global indices. In Table 4, we summarize the Q-likes of these two models in
forecasting the volatilities of the global equity indices. Table 4 shows that our MVF
model outperforms BM1:Idviemar in that its Q-likes have the lowest mean, median,
25% and 75% quantiles. We also find that our MVF model outperforms 25 out of 31,
or 80.6% of all the indices we study. The results confirm the advantage of our MVF

"The data from different indices are synchronized by treating GMT 00:00 — GMT 23:59 as the
same day. There is no market opening overnight.
12The detailed results are available upon request.
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model in global market volatility forecasting.

6 Conclusion

This work provides a framework to study the factor structure in stock variance based
on high-frequency and high-dimensional price data. We theoretically show that the
factor structure in stock and idiosyncratic variance can be consistently estimated by
conducting PCA on the stock/idiosyncratic realized variances. Empirically, based on
the strong empirical evidence from the analysis of daily volatilities of S&P 500 Index
constituent stocks, we propose a multiplicative volatility factor (MVF) model. The
MVF model includes a multiplicative variance factor and a multiplicative idiosyncratic
component, where the variance factor is approximately the cross-sectional average of
stock variances. Based on the proposed MVF model, we develop a forecasting model,
which is found to provide more accurate volatility forecasts than various benchmark
approaches for a majority of the stocks we evaluate. Finally, we demonstrate that
our MVF model also applies to the global market and helps to predict the volatilities
of global equity indices.

The volatility factor modeling framework that we propose facilitates a deeper
understanding of the financial market. The MVF model achieves dimension reduction
in volatility modeling for a large cross-section of assets. Besides volatility forecasting,
our framework provides insights into the study of shock spillover and transmission in
financial systems and holds promise in applications such as large portfolio allocation,

risk management and volatility trading.
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This supplement gives additional empirical results and proofs of the theoretical
results for Ding, Engle, Li, and Zheng (2022).

A Analysis under Additive Linear CV Factor Model

A.1 Analysis of Idiosyncratic Component

We first investigate the idiosyncratic component ¢ in (3.3). To do so, we pick a
random stock, estimate the coefficients and obtain the residual &, and then check the
time series plots of £ and €/C' RV in Figure 1. It suggests that the residual € is clearly
heteroskedastic. Moreover, € seems to scale with CRV. If we scale & by CRV, the

scaled residual €/C' RV appears to be more homoskedastic.

To quantitatively evaluate the abovementioned relationship, for each stock i, we
compute the correlation between £2 and C RV?2, and the correlation between £2 /C' RV?

and CRV?2. The results are summarized in Table 1. From Table 1, we see a very
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Figure 1: Left: Estimated idiosyncratic component £ of a typical stock in model (3.3)
and b x CRV. Right: Time series plot of €/CRV.

Table 1: Summary statistics of correlations in absolute value between 22 from model
(3.3) and CRV?2, and between £2/CRV? and C RV?. The values are the 25% quantile
(Q1), median, mean and the 75% quantile (Q3).

Q1 Median Mean Q3
corr (€7, CRV?)|1<i<n 0.276 0.447 0.425 0.568
|corr (€7 /ORV? CRV?)|1<i<y 0.006 0.009 0.017 0.017
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Figure 2: Distributions of (RV — @)/CRV and log ((RV —@)/CRV) of a random
stock, where @ is the weighted regression estimate in model (A.1).

interesting phenomenon: the size of & clearly correlates with CRV, and the correlation

almost disappears when we scale € by CRV.

In summary, the evidence suggests the following model:
Vit =0a; + 0;,CV; + CVi gy, 1 <1< N, (A1)

where £;; is independent with CV. We then estimate the model (A.1) by weighted
regression using CRV as weights. We then compare the distribution of (RV —a)/CRV
and log ((RV —@)/CRV) against normal distribution. The results for a random stock
are presented in Figure 2. We observe in Figure 2 that (RV — a)/CRV is heavy-
tailed, while log((RV — a)/CRV) appears to be roughly normally distributed. We



are therefore led to the following refined model:

Vit =a; + b;CVy + CVigy
=a; + b;,CV, + CVt(eXP(Hi + oizip) — exp(p; + 01'2/2>>> i=1,..,N,

where the idiosyncratic component scales with CV, and &;; is modeled by a centered

lognormal distribution.

A.2 Analysis of Model Coefficients

We estimate the model (A.2) using MLE on subsampled data. We subsample the
data to circumvent possible auto-correlation. Specifically, we conduct MLE of model
(A.2) on observations subsampled every ten days, and then take the average of the

ten estimates.

We compute the proportion of the estimated intercept @; over RV; (time series
average) for each stock ¢ and find that the proportions are all very small with an
average of 0.035. The results suggest that a; plays little role in the model (A.2). As
another check, we note that (A.2) is equivalent to V;;/CV, = b; + a;/CV; + ;. We
then regress RV;;/CRV; over 1/CRV; for each individual stock and find that the R%s
are all nearly zero with an average of 0.024. This evidence suggests that the intercept
term a; in (A.2) can be ignored. We therefore get the simplified model with zero
intercept:

Vie = b;CV; + CV}(exp(ui + 0;2i) — exp(p; + 03/2)).

Next, we check the relation between b; and exp(ju; +02/2). The scatterplot of the
MLE of b; and exp(u; + 07/2) is presented in Figure 3. It shows that b and exp(u +
0?/2) are strongly linearly related. The correlation between the two reaches 0.99.

Moreover, the linear relation fits well with the line y = x.

By constraining a = 0 and b = exp(u + 02/2) in (A.2), we reach our final multi-
plicative volatility factor model (3.6).
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Figure 3: Scatterplot of the MLE of b; and exp(u;+0?/2) of all stocks under evaluation
in model (A.2). The diagonal line is y = x.

B Proofs

In the following, ¢, C, Cy, C’, Cy, ..., etc, denote constants which do not depend on 7', N,

A, and can vary from place to place.

The first lemma extends the concentration inequality for estimating (co)-integrated
variance (Fan, Li, and Yu (2012); Cai, Hu, Li, and Zheng (2020)) to the case when

only polynomial tail decay is imposed on the spot volatility.

Lemma 1. Suppose that (v1:) and (va) satisfy dvy = pjdt + 0;,dWiy for j = 1,2,

where (Wiy) and (Way) are standard Brownian motions that can be dependent with

each other, and there exist constants C,, K,, M > 0, such that maxo<;<i |,u§| <,
and for any x >0 and j = 1,2,

K,

Py foad > ) < 350

Suppose also that the observation times (t;) satisfy sup, maxi<i<, nlt; —ti—1] < Ca

for some constant Ca > 0. For ji,j2 € {1,2}, denote the realized (co)variance

by [VJU ij]t = Z{z‘:tigt}<yj1ti - leti—1)<yj2ti - Vthi—1)' Then for any 0 < < 1, there



exist Cy and Cy such that for all x € [0, (2Ca/n)Y179],

P<\/ﬁ vy, v5]1 — /Ol(Ujs)QdS

> x) <Ciz™?, j=1,2 and  (B.1)

1
P<\/ﬁ [V1,V2]1—/ 01502sPsdS
0

> :v) < Chx™ 7, (B.2)

where ps = corr(dWI;s, dWQ;s) = limy,o COH(Wl;erh — Wi, Waisin — W2;s|-7:t); Fi s
the information available at time t, and the constants Cy, Cy depend only on K,,

Cu, 0, Ca and M.
Proof: Define

1, if0<z <1, and
ple) = §/2 1/(1-6) (B.3)
2% if 1 <2 < (20Avn) .

Note that 0 < z < 2¢(2)2Cay/n when 0 < < (2Cay/n)Y179. By the proof of
Lemma 1 in Cai, Hu, Li, and Zheng (2020), for any 0 < x < (2Ca+/n)Y 179 we have

P(\/ﬁ‘[yj,yj]l — /01(0]-5)2(18) > :IZ')

gP({\/ﬁ‘[z/j, vl — /01<0js)2d8’ > x} ﬂ{ max o;; < gp(x)}) + P( max o > cp(a:))

0<t<1 0<t<1

<3 Ol i L Ko
=P o2 T B2p(2)'C2 ) T p(a)M

We have o(z)™™ < 272", Moreover, when 0 < z < 1, exp (— 2%/(32¢(x)*C3)) <
Mé

1<z 2. When 1 <a < (2Cay/n)179 by the fact that exp(—z)z¥ < exp(—y)yY

for all x,y > 0, we have

22 £2(1-6)
P T 3200z ) TP T 322

()™ e (- i) ) o




Hence for all 0 < z < (2Ca/n)Y=9 | we have

c? 2?
TP\ 2 T 32000103
2
< 2 T

SMSC? N 725 Mo _Ms
N R B

M6
The desired bound (B.1) follows by setting Cy = 3 exp(C7) - <(8M§Ci> T exp (—

1-6

Mo
25 ) + 1) + K,

The bound (B.2) follows from a similar argument above by using the inequality
1
P \/ﬁ‘[V1,V2]1 —/ 01502508655‘ >
0
1
<P {\/ﬁ‘[l/bVQ]l —/0 015023,03615‘ > iE} ﬂ { 522{1(‘0“" loae|) < SD(JU)}

+ P(ggt‘ogg |o1e] > 90(3:)> + P(gggg | 2| > so(w)>,

Mé
Lemma 2 in Cai, Hu, Li, and Zheng (2020), and setting Cy = 6 exp(C?)- ((3211\45§A ) -5

exp(—%)—l—l)—l—ZKo. 0

Lemma 2. Suppose that X; = (x14,...,75)7, 1 <t <T, S =0O(T") and

0. Assume the strong mizing condition that p(x) < c1exp(—cax) for some con-
stants c1,co > 0 and any positive integer x, where p(x) = sup 4o BeF |P(AB) —
P(A)P(B)|, F°,, F are o-algebras generated by {X; : —oo <t < 0} and {X, :
X <t < oo}, respectively. Then for some constant C' > 0,



(i) if S is fized,

max — E Xz ZL’
<1<z<S (’ it T it

(ii) if S — oo,

T
1 log S (logSYM2 1 1
P<1I??<Xs (’T;x“_E(%> > OV 7 ) SC(TM/Q—l—W TTTs)

Proof: We only show the case when S — oo. For the case when S is fixed,
the results can be shown similarly by using truncation level y/T/(logT) instead of
T/(log S).

log T (log T)M/2 1Y
)>O\/T) 50(%*? ’

tr __ .. I .
We denote z;] = x;1 (lou|<Co\/TT (05 5)}" By Markov’s inequality, we have

C(log S)M/?
P(laal > Coy/T/ 1oz ) < B

By Bonferroni’s inequality and that E(z}/) < ¢ and M > 2 + 2+, we have
P(mlt—xzt foralll<t<T1<z<S>

:1_p< max |za| > G T/(logS)) (B.4)

1<t<T,1<i<S

C(log S)YM/2ST C(log S)M/?
= TM/2 >1- TM/2-1—y °

By E(z}!) < ¢ and the Cauchy-Schwarz inequality, we have that, for any 1 < My < M,

e

EEIEL E(””' 1{zitzcox/T/(logS)}>

1—Mo /M _

1<i<8 1<i<S

C(log §)M~Mo)/2
- T(M-My)/2




Because M > 2, (B.5) implies that

= o(/1/T). (B.6)

By the fact that (a+0)? < 29(a949) for all a,b > 0, and g > 1, for some 2 < My < M,
and C' > 0,

max
1<i<S

1<i<S 1<<S

max E(\x yMo) < max 2™ (E(ya;g: —a:it\MO) +E(|wit\M°)) <C. (B

By (B.6), (B.7) and the triangle inequality, applying Bernstein’s inequality (Theo-
rem 2 Eqn. (2.3) of Merlevede, Peligrad, Rio et al. (2009)) to zi — E(z%) yields

T
1 ' log S 1 1
— o < -+ =. .
P(m 72 (o = B > 07 ) = C(s * T) 9
The desired bound follows from (B.4) and (B.8). O

Lemma 3. Under the assumptions of Theorem 2, for some constant Cy > 0, the B
and o, defined in (2.7) satisfy

1 1
P(lrglag](v”@ Bill2 > C'O\/An> < OO(N T) and (B.9)

P(Han @l limax > CoA (F logN>) c(}v ;) (B.10)

Proof: First, we denote

1 T [1/Aq]
U = (Uh aUN)T = U, 3 and
A 2 - &
1 T [1/Aq]
F = (F,,.. Fg)'= F,
( 1 9 K) [1/A ] Z t[.ﬂ



By definition (2.7), we have,

(2:5 Z (Fij) — )(Ft[a] - > 1(223 Z )(Ui,t[j] - UJ)
T [1/An] T [1/A]
(g Z F)(Fy; ~ > <; Z (Fyy) = F) (i — Oém'))7

where «,,. t[J]Z and @,; are the ith element of o,,; defined in (2.3) and average drift

A .
On = T [1/An] Zt 1 Z[l/ ]an;t[j], respectively.

We define an event A as follows. For some ¢, C > 0,

T [1/Ax]
- I T \/ 1
A_{ 1§k§1%fl1}éiSN — = (Fety) — Fr) Uiay) — Us)| < CVATN /7}
=1 j=
T [1/An] . 1 T
m {)\min< Z (E[]} - F)(Em - F)T> > 5)\m1n</ (I)sds>}
0
t=1 j=1
T [1/An] T
m {)‘maX(Z (Ft[J] - F)<Ft[j] - F) ) < 2)‘ma><</ (I’st)}
t=1 j=1 0

By Assumption 1 that sup,sq ||s|[max = O(1), we have that

‘ max | il — | < CA,.
1<i<N1<E<T1<G<[1/A]

Under the event A, we have

g XK [1/An] 2
) —
1r<na<>](v Hﬁl Bill Sc2T2 Z 1<2<N <Z (Flaty Fk)(U” —Ui )>

t=1 j=1
3202T2
—— - TKI[1/A,] - e )2
c2T? [1/An] 1§i§N,1§£%}f§j§[1/An}(an’tm’ i)
SKC?A, TNV  32C*T?°K(C2A,
= 272 + 272 :

10



By the assumption that N = O(7"7), we have max;<;<n HBZ — Billa = O(VA,).

It remains to show that P(A) > 1 — O(1/N + 1/T). First, under Assumption 4
and that M > 4, by Jensen’s inequality, we have, forany t <7 —1land 1 < 5,k < N,

t+1 M t+1 M t+1 M
E(‘/ @S,jkds’ ) gE((/ |c1>s,jk\ds) ) gE(/ |, 1| ds> <.
t t t

(B.11)
Under Assumption 1 that 0 < ¢; < A (E(fo1 @Sds)) < Amax (E(fo1 i)sds)) < (Y,
by Lemma 2(i) and Weyl’s Theorem, we have, for all large T’

P(% < Amin<% /OT <I>Sd5> < )\max<% /OT <I>Sds> < 201> >1- Cf. (B.12)

Applying Lemma 1 to X,p/v/T with x = /T and 6 = 1/2, and by Bonferroni’s

inequality, under Assumption 4, we have, for some constants C7, Cy > 0,

max

| I WA —
T
P(I3 % murt 1 [ o

Cy,K?  (O,K?
> C’lx/An) < T2 < el
(B.13)
where the last inequality holds because M > 4.

By Assumption 1 that sup,>g [|As||max = O(1), we have

1 [T
max ’(—/ hsds> ‘S C.
1<k<k I\T" J, k

By Assumption 4 and the Burkholder-Davis-Gundy inequality, we have
r 2M
max E((/ nSdWS/ﬁ> )
1<k<K 0 k
I AL I p
< — < — <
< s B (7 [ ®unds)” ) < max B( (7 [ #laas) ) <c.

where the second inequality holds by Jensen’s inequality and that M > 4. By

11



Markov’s inequality, we have, for large T,

P(H%/()Tns g > C> <Ok (B.14)

T2
Note that F = (fOT h.ds + fOT n,dW5)/(T[1/A,]). For large T, we have

P( max (|Fy)) > CA

1<k<

>_CK

- (B.15)

Therefore, by the inequality that ||Alls < tr(A) for any nonnegative definite matrix

A, we have
- CK?
P<T~ /A |[FF ||, > CKTAn> < — (B.16)
Note that A, = o(1). By Weyl’s Theorem, (B.12), (B.13) and (B.16), we get
< m1n<z Z E[]] - E[]] _F) ) < 5)\min</ (I)sds>>
— 0
t=1 j=1
T [1/An] T
——==T 1 B.17
= P mm(Z Z E t[j . []-/An] . FF > < _/\min</ q)sds> ( )
t=1 j=1 2 0
CK?
<
— T2 Y
and
(1/An]

Z_: (Fiy) — F)(Fyy — 7)T> > 2>‘maX</OT <I>sds>)

& T S T (B.18)
Fy Fl —T-[1/A,]-FF ) > zAmm( <I>Sds)
0

CK*?
T2

The assumptions that log7'/|log A,| = O(1) and N = O(T"7) imply that there exists
8o € (0,1) such that N/ = o((T/An)miéo)). Applying Lemma 1 to X,7/+/T and
Zyp/VT with 2 = NY®" and § = dy, and using Bonferroni’s inequality again, we

12



obtain under Assumption 4 that

T /e ) KN  CK

\/ 1/
P<1<k<K1<z<N)\/_Z Z Fu Ui ‘>O AnN N Mdo/(2v) < N’

1 j=1
(B.19)
where the last inequality holds by the assumption that M > 4(1 + 2v) and we can
choose g close to one such that Mdy/(2y) > 2. By Assumption 4, the Burkholder-

Davis-Gundy inequality and Jensen’s inequality, we have

t oM
max E ( chBS)
1<i:<N,1<t<T —1 7

t M t
< max E(( @87iids> ) < max E((/ @%ﬂs)) <C.
1<i<N,1<t<T 1 1<i<N,I<t<T 1

By Lemma 2(ii), under the assumption that M > 4(1 4 2v), we have

o(I [

Noting that U, = ([}, ¢,dB,)/(T[1/A,]), we get

max

> wm) <o +7)

log N 1 1
P(;E%WDCA = >§C<—+—>. (B.20)

Combining (B.15) and (B.20) yields, for large T,

U;| > %An\/TlogN> < C’(% + %) (B.21)

P( max ‘T-[l/An]-_
1<k<K,1<i<N

13



By (B.19), (B.21) and that A, = o(1),

T [1/AR]
v lgkénf}%};iﬁl\f ; — (sz,t[]] Fz)(Uz,tm UI) AnTN 7)
-1 =
T [1/An]
= ‘ S 1/
i 1§k§1?<fll}éigzv ; 21 FrwinUiis) — T - [1/A] ATN W)
-1 =
T [1/Ax] o
=r 1§k§%,a1§i§1v ; — Foa1)Ui ) >5 AnTN1/7>
-1 =
= 77 C
. ' j = 1/y
+P<1<k<rrf%?1)§i<N‘T [1/An] - FrU3| > 2\/W>
1 1
<CK
(B.22)

Combining (B.12), (B.17), (B.18) and (B.22), we get that P(A) > 1—-O(1/N+1/T).
The desired bound (B.9) follows.

As to (B.10), note that &, — &, = (8 — 8)F + U. Hence,

& = @l < (8 = B)Fllmas + [T max < max 8i = Billz - [Fllz + [T lmas-

1<i<N
The bound (B.10) follows from (B.9), (B.15) and (B.20). O

Lemma 4. Under the assumptions of Theorem 2, for some 0 < e < M/4 —1 — 2y
and Cy > 0, RV defined in (2.8) satisfies

and

ZVU tVUJt__ZRV Usit U]t

N T
(B.24)

>Co\/A_n) §00<i+i).

max
1<i,j<N

Proof: Recall that RVp,, = S/ U2. We write RV = YU/ U2

j=1 i,t[5]"

14



About (B.23), we consider the following event

T 1/A"] N1/~
2
Jj=

T
{%KMZM@t N
{gxbiﬁ%w—

By the Cauchy-Schwarz inequality,

A, N1/~
<
<oy fBd }

T T
% |7 2o RV~ 7 2 Wi
1 <& W/An) ) 1 T l/An]
= 1SN ftzl ]:Zl (Uist) — Uia) +21£§§N thl )3
1 T /A
S o f; 2 (Uiaj) — Uiaiz1)
1 T [1/An]
T2 1%2%?2 ; (Uit — Uigl) 112%%—23]/[] "

A, N1/~
n 2C
T ) <25

where the last inequality holds by the assumptions that N7 = O(T) and A
Therefore, under event B,

max
1<i<N

< CO'K\A,.

1 < 1 <
T § :Rvﬁ;it o7 E :RVU;it
t=1 t=1

15
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It follows from the triangle inequality that

1< 1 E
12‘?](\/ T ; Rvﬁ;z’t -7 Z Vu.it

—+ max

ZRVW——ZVW

T
1
< % |7 2 RV - Z Vo

<C"K+/A, .

It remains to show that P(B) > 1 — O(K/N + K?/T). The assumptions that
N = O(T7), logT/|log A,| = O(1), and M > 4(1 + 27) imply that there exists dy
such that Mdy/(2y) > 2 and NV = 0((T/An)2(1150>). Applying Lemma 1(ii)
to Zyr/VT with = NY®) and § = dy, and using Bonferroni’s inequality, under

Assumption 4, we have, for some C' > 0,

T S NsE) S N (B.25)

T
max |— RV Vu.ie| >
(M] ST

By (2.7) and the inequality that (a + b)? < 2a? + 2b%, foreach 1 <i < N, 1<t <T
and 1 < j <[1/A,],

A, N1/~ > __ON C

(Usaij) = Uii)? < 2(@ni — cumggza)” + 20185 — Bill3 - 1 Fyp I3
< A0 — W) 4 4(ni — i) + 28 — Bill - | Fip I3

By the assumption that sup,>g ||a||max = O(1), we have

T [1/A4]
- 2
2573 2 Gy = Uiy
T [1/An]
<2 > (2 Fyll3 | +4[1/A CA
<2 g 18~ B8 (130 2 Il ) +40/80) 1o~ il + O
= J:

(B.26)

16



By (B.12) and (B.13), for some C” > 0, when T is large, we have

1L (1/An] e
P(;Z > ||th||§>KO’> < — (B.27)

t=1 j=1

Combining (B.9), (B.10), (B.26) and (B.27) yields, for some C' > 0,

T [1/An] 1/ 2
N/ K K
2 2
(f&i}fv 2 2 Gy = Uaay)? > OK A"(H T )) _C<N+ T>

t=1 j=1

Under Assumptions 1 and 4, by Lemma 2(ii),

log N 1 1
> < — 4+ = .
(f&%’z“v = O\ = >_O<N+T>' (B-29)

Assumption 4 implies max;<;<n E(Vy,;) = O(1). By the assumption that N = O(T"),

Z Vo — E(Vus)

we have for some C' > 0,

1 1
P(lrgzgv—zvun>0) <C<N T) (B.30)

Combining (B.25), (B.28) and (B.30) yields P(B) > 1—O(1/N 4 1/T). The desired
bound (B.23) follows.

As to (B.24), by the triangle inequality and the Cauchy-Schwarz inequality, we

17



have

T T
1 1
Jnax ‘f t§:1 VuaVue — ?:1: RV ’Vo

T
2
< max ‘TZVU;it(VU;jt RVU]t)

1<i,j<N
T
+ 15’1,?%3\/ ) Z VU it U zt)(VU;jt - Rvﬁ;jt) (B'31)

T
1
— 2 — it T > 2
BT Z Vi \| g 7 2o Vo = RV

1 2
e g (Vo = Vg

Under Assumption 3, by Lemma 2(ii), we have, for some ¢ < M/4 — 1 — 2+,

log N 1 1
< —
>C T ) C ( Nt TE)
(B.32)
Assumption 4 implies that max;<;<y E(Vy5) = O(1). By Lemma 2(ii) and M >

4(1 + 27),
log N 1 1
> <Cl—=+—].
>C T >_C<N+T5>

1
P(lg%—ZVU@pc) <C<N TE) (B.33)

By Lemma 1, forany 1 < ¢t < 7,1 < i < N, 0 < ¢ < 1, there exist constants
R
C, C; > 0 such that for all x < CA,,*"7,

Z VU VU, gt (VU;iVU;J’)

max
1<i,5<N

2
<1r2?}§v ‘T Z Vo = (V)

This implies that

(\Rvm V| >

VA, :c) < W (B.34)

We define (RVy.it — Vuit)e = (RVue — Vo) - 1

{|RVU;it*VU;it|SV AnT(lJrWJrE)/(Mé)} ! Where

18



e>0and 0 <0 <1 are to be determined. The assumptions logT/|log A,| = O(1)
and M > 4(1 + 27) imply that, for some ¢ sufficiently small, we have

AYeT = o(1) and M > 4(1 4~ +¢).
Set § satisfying M > 4(1+~v+¢), and 6/(1 —6) > 2(1 + v+ ¢)/(Me). Then

TH+/(M8) _ o(A=1/@(01-0)).

Hence, by (B.34), forany 1 <t <T,1<i< N and all x > 0,

P((Rvu;it ~Voali, _ w) L G

A, oM6j2

This implies that, for all 0 < y < M¢/2,

vz )
max F (RViie = Vo) =O(1).
1<i<N,1<t<T A,

In particular, by setting y = 1,

max
1<i<N,1<t<T

. —_— ;. 2
E((RVUW&A VUﬂt)tT) < C. (B35)

Applying Lemma 2(ii) to (RViy.e — Va)z/An — E((RVU;it — VU;it)?r/An) and by
M6 > 4(1 + ), we have that

T
P( max l Z ((RVU,N& - VU;it)?r i E((RVU’Zt - VU;it)?r>> ‘ e, log N)

1<i<N T A, A, T
1 1

<C|=+—=—1.

< (NW)

t=1

(B.36)
By (B.35), (B.36) and the triangle inequality, we get
1 o 11
2
P ( II;E%)](V f tzl(RVU;it - VU;it)tr > CAn> S C (N + 7T8> . (B37)
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Note also that by (B.34) and Bonferroni’s inequality, we have

T T
1
p(lgl%v‘ ZRVW V)2, ;RVUzt_VUzt \>0)

Ag) C\N 1
< Z Z P<|RVU;it — Vol > \/A_nT(1+7+E)/(M5)) <2_ =0 (—),

T+e Te
i=1 t=1

(B.38)

where the last inequality holds by the assumption that N = O(T77). Combining
(B.37) and (B.38) yields, for some constant C' > 0,

T
1 , 1
P ( 12122%}1(\[ T E (RVU;it — VU;it) > CAn> C (N TS) (B?)g)

Moreover, by the inequality (a + b)? < 2a* + 2b%, we have

i LS RV, — RV
1L [1/An] (1/An) 2
=1r§%>]gf;< 2. (Uit} = Uigr)” +2 Z Uit — ztu)Ui,tm>
)T /8] 2 9 (B.40)
Slrgég;vf; ( 2 (Uits) = Uiets) )
8 T [/An] 2
+ max - ; ( 2. (Uit — ULtU}WmU]) :
Applying the Cauchy-Schwarz inequality repeatedly yields
T /(1A 2
1%%;?( ; Uiy — memu)
1z (1/An] (1/An] ,
§11222<va< ; Uiaj) — Uiaiz1) ) ( Z Ui ) (B.41)

[1/A,] 2
2 . _ 2
( > iy = Usaig) ) max Z RV
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By (B.33) and (B.39), we have, for some constant C' > 0,

1
P(lg%ﬁZRvM > (J) < (J(N TE) (B.42)

Similarly, we have

(1/An]

1 — . >
max > ( (Ui — Uz;t[jl)Q)

1<i<N\| T .
t=1 j=1

WAL [1/A] 2
( > 28 =Bil3- 1 Fgll+ ) 2|ocm—o<n;t[j]¢|2>
j=1

J=1

1 T
%%@Z

(1/An]

g I K 5
2 ° 2
< o 1B =B | 33 (30 3 Fiuy)

t=1 k=1 j=1

[

1/A] )
( > lam = an I2>
j=1

K T K
< max [|B; - B3 TZZRV}%;M

tsisN t=1 k=1
T [1/AR]
8[1/An] ' Han anHmax + 81%2}1(\7 Z < Z ’am Ol t[j]l’ > )
T J=
where RVp i = Z[l/A kt[j] By the assumption that sup,.g [|a||max = O(1), we
have
T [1/A4]
1%%}1{\/ Z( Z |anz O, t[]]z| ) < CAn <B43)

Moreover, by Lemma 2(i), similar to the proof of (B.33), (B.39) and (B.42), one can
show that, for some C' > 0,

C
P ( max Z RV, > C’) T (B.44)

Under the assumption that N = O(T"7), combining (B.43), (B.44) and Lemma 3
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yields

1 E [/An] ) R
P(lrg% 72 > Ui — Ui)?) > CK?AN> < C(ﬁ + ?>
i (B.45)
By the triangle inequality, combining (B.39), (B.40), (B.41), (B.42) and (B.45) yields

P(m-ax LS RV~ Vi >cw7) (K 1) (510

1<i<N Pt N T¢

By (B.31), (B.33) and (B.46), the desired bound (B.24) follows. O

Proof of Theorem 1:

Applying the same argument as the proof of (B.25) to the stock RV, under the

assumptions of Theorem 1, one can show that, for some C' > 0,

(mN— e ZW Nm) <y (A7
By the triangle inequality and the Cauchy-Schwarz inequality,

1 1

s, £ 3V~ 3 A,
T
< s 23 [E S0 s
1 7 T
&%fZ g Vi~ RV + s, 7 5V~ RV

In addition, under the assumptions of Theorem 1, (B.29), (B.32), (B.33) and (B.39)
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hold by replacing RVy,iw with RV, and Vi, with V. It follows that

>C’\/_n><C<N TE) and

(B.48)
= log N 1 1
P(”ZV Ev||max>c T ) _C<N+Ta>, (B 49)

where Xy, is the sample covariance matrix of V.

The bound (2.4) follows from (B.47), (B.48) and (B.49). The bounds (2.5) and
(2.6) follow from (2.4), Assumption 3, Weyl’s Theorem and the sin # Theorem (Davis
and Kahan (1970)), which asserts that, for i < g,

Zvn it — ZRWM

max
1<4,5<N

- V2|[Ey — Saylls
1€Rv; — &v, = = .
min (l)\R‘/’L_l - it1 )‘Vi )
O
Proof of Theorem 2:
By (B.29) and (B.32), we have
a log N
||2VU - ZVrJHmaX = Op( T >> (B.50)
where f]VU is the sample covariance matrix of Vyy. By Lemma 4, we have
||§VU - i\Jl’%VgHmax = Op(\/ An)- (B.51)

Combining (B.50) and (B.51) yields the desired bound (2.9).
The bound (2.10) follows from (B.51), Weyl’s Theorem and Assumption 5. The
bound (2.11) follows from (2.9) and the sin # Theorem. O

Proof of Proposition 1:
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Define

)

SOV~ TV Ve~ V)

ZT (C’V W)Q y ai’v - Vz —ZL\/W, (B52)
t=1 t

Sy
<

where CV = Zthl CV,/T,and V; = ZtT:l Vit/T. We have,

]~

By == (Do(evi-TvR) (i(cvt ~ V(e ),

o
Il

1
Gy — ai| < |biv — b - CV + [5],

>)

where g; = ZL eu/T.

Under the assumptions of Theorem 1, max;<;<y E(V;¥) = O(1), E(CVM) =
O(1), and maxj<i<y <|b§7i], |a5ﬂ-|> = O(1). Moreover, under Assumption 6 that
|be| > ¢, we have max;<;<x |(bei/be)] = O(1). Hence,

wax [B(e)] < M- max E(V)+ M - [be:/Be™ - B(CVM) = 0(1),

1<i<N 1<i<

By Lemma 2, we have Y, (CV; — CV)?/T = Var(CV;) + 0,(1), and CV = O,(1).
By the assumption that |b| > ¢, we have Var(CV;) > b7 > 0.
Recall that C'V;, = Qg +B§§t +E¢ts and g;; = Eeit — E(&gﬁit) - (b&i/l_)g) (ég,t - E(E&t)).

By Assumption 6, we have

max |E(C’V} git)]

= s 9~ BC) (e~ Bleea) — /B0 Ges — B0
(\/—_ +%1r<ng>]<vlbg,¢/55|) : (Amax<cov(€§,t))> = O(1/VN).

By Lemma 2 and that M > 4(1 4 2v), we get

log N

— log T’ log N
|C’V—E(C’V})|:Op< °8 ), and max |g;| = p< 08 )

ZC‘/t 5zt_ O‘/;t 6zt)

max
1<i<N

T 1<i<N T
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Combining the results above yields that

max ‘l Z(C’W —CV) - (eir — &)

1<i<N |T

log N 1

It follows that

~ ~ log N 1
o (‘bi,V — bil, [aiv — Cli|> = Op( - + \/_N> (B.53)

Next, we bound the differences giy —31- and a; y — a;, where, recall that 32 and @;
are defined in (3.4). By (B.47),

1<i<N T

A, N/
|ICV — CRV| < max |RV; —V,| = < = ) (B.54)

By the triangle inequality and the Cauchy-Schwarz inequality, we have

T T
1
<2JTZOWJ > (CV; — CRV})?

1 t=1

1 <& 1 <&
7D CRVE == OV
t=1 t=1

t=
1 T
+ 7D (CVi— CRV)?,

~+
—_

and

t=1
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By the Cauchy-Schwarz inequality again,

r 1

N N
%Z(O%—ORW— SO (Do va- ZR%)Z
=1

t=1 t=1 i=1

1 T N
<o 2> (V= RVy)? <mN

t=1 i=1

Mq

— RVy)?

HMH

’ﬂ

Under Assumption 6, we have %Zle CV? = O,(1). Moreover, similar to (B.39),
one can show that max;<,<x % ZL(RVit — Vi)* = O,(A,). Combining the results

above, we have that

VA,), and

1 & 1 &
7 2 CRV? = 5 3OV =0y

t=1 t=1
:Op( VAL).

(B.55)

1<i<N

T T
1 1
max | " CVi- Vi — = > CRV:- RV
=1 =1
Combining (B.47), (B.52), (B.54) and (B.55) yields

max |blv b| = O,(vA,), and max |a;y — a;| = Op(vV/A,). (B.56)

1<i<N 1<i<N
The desired bound (3.5) follows from (B.53) and (B.56). O
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