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Abstract

We develop a nonparametric test for deciding whether volatility of an asset follows a standard
semimartingale process, with paths of finite quadratic variation, or a rough process with
paths of infinite quadratic variation. The test utilizes the fact that volatility is rough if and
only if volatility increments are negatively autocorrelated at high frequencies. It is based on
the sample autocovariance of increments of spot volatility estimates computed from high-
frequency asset return data. By showing a feasible CLT for this statistic under the null
hypothesis of semimartingale volatility paths, we construct a test with fixed asymptotic size
and an asymptotic power equal to one. The test is derived under very general conditions
for the data-generating process. In particular, it is robust to jumps with arbitrary activity
and to the presence of market microstructure noise. In an application of the test to SPY
high-frequency data, we find evidence for rough volatility.
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1 Introduction

Most economic and financial time series exhibit time-varying volatility. The standard way of
modeling volatility in continuous time is via stochastic integrals driven by Brownian motions
and/or Lévy jumps, see e.g., the review articles of Ghysels et al. (1996) and Shephard and
Andersen (2009). This way of modeling volatility implies that, while volatility paths can exhibit
discontinuities, they nevertheless remain smooth in squared mean and have finite quadratic
variations in particular. An alternative way of modeling volatility, which has gained significant
popularity recently, is via stochastic integrals driven by a fractional Brownian motion, see Comte
and Renault (1996, 1998) and the more recent work of Gatheral et al. (2018). In this case,
volatility paths can be very rough, with a lot of oscillations at short time scales leading to an
explosive quadratic variation.

Naturally, the degree of roughness of volatility (controlled by the Hurst parameter of the
driving fractional Brownian motion) determines the optimal rate of convergence of nonpara-
metric spot estimators of volatility, with the latter dropping to zero as the degree of roughness
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increases.! In fact, many of the tools developed for the analysis of high-frequency data, see

e.g., Jacod and Protter (2012), depend critically on volatility being a semimartingale process.
The goal of this paper, therefore, is to develop a general nonparametric test to decide whether
volatility is a standard semimartingale with a finite quadratic variation or is a rough process
with infinite quadratic variation.

If volatility were directly observable, it would be relatively easy to design such a test based on
variance ratios (Faust, 1992). For example, if one were to observe volatility at high frequency,
then one way of testing for roughness of volatility would be by assessing the scaling of the
quadratic variation of the discretized volatility process computed at different frequencies, see
e.g., Barndorff-Nielsen et al. (2011). Volatility is of course not directly observable, and testing
for rough volatility is significantly more challenging when using high-frequency observations of
the underlying process only. This is mainly for three reasons.

First, rough volatility will result in larger increments of spot volatility estimates, but bigger
in size increments can be due to jumps of infinite activity in the price process and/or volatility
jumps as well. In fact, as shown in Jacod and Reifl (2014), the optimal nonparametric rate for
estimating volatility from high-frequency data in the presence of jumps depends on the degree
of jump activity, with the rate becoming significantly worse (and approaching zero) for higher
degree of jump activity. Second, the presence of market microstructure noise in observed prices
further slows down the rate at which volatility can be estimated, making it difficult to evaluate
its behavior over small time scales. For example, the optimal rate of convergence for estimating
integrated volatility from n noisy observations is n'/4 compared to n'/2 in the noise-free setting
(Reiff, 2011). Third, even in the absence of jumps and market microstructure noise in the
observed price, spot volatility estimates contain nontrivial estimation errors. As noted by Cont
and Das (2022) and Wang et al. (2023), this error can make the volatility estimates appear
rough even if the true volatility process is not.> Therefore, rough volatility, i.e., the roughness
of unobserved spot volatility, has to be distinguished from the roughness of volatility estimates
such as realized variance.

In this paper we show that, in spite of the poor rate of estimating volatility in the presence
of jumps with high jump activity and market microstructure noise, one can nevertheless test for
volatility roughness, with the properties of the test unaffected by the degree of jump activity
and the presence of microstructure noise. We achieve this by relying on a second—equivalent—
characterization of rough volatility in terms of the autocorrelation of its increments. Mainly,
volatility is rough if and only if changes in volatility are negatively correlated at high frequency.
By contrast, high-frequency volatility increments in semimartingale volatility models are asymp-
totically uncorrelated, as they are locally dominated by the martingale component of volatility.

More specifically, we propose a test based on the sample autocovariance of increments of spot
volatility estimates. The spot volatility estimates are constructed from the empirical characteris-
tic function of price increments in local blocks of high-frequency data. By choosing values of the
characteristic exponent away from zero, we mitigate the impact of finite variation jumps on the
spot volatility estimators. While the latter still contain non-negligible biases due to the infinite
variation jumps and microstructure noise, these biases have increments that are asymptotically

!For nonparametric estimation of spot volatility in various settings, we refer to Foster and Nelson (1996),
Comte and Renault (1998), Kristensen (2010), Liu et al. (2018) and Bollerslev et al. (2021, 2023) among others.

2Previous works that take estimation errors into account when estimating volatility roughness include Benned-
sen et al. (2022), Fukasawa et al. (2022), Bolko et al. (2023) and Chong et al. (2023).

3Rough volatility concerns the negative correlation of volatility moves on short time scales only and has no
implication for the long range behavior of volatility. Therefore, rough volatility models are compatible with the
well-documented long memory of volatility (Andersen et al., 2003). The need to separate volatility roughness
from long memory has also been observed in Bennedsen et al. (2022) and Liu et al. (2020) in parametric settings.



uncorrelated across different blocks.

Therefore, even in the presence of jumps, noise and estimation errors, the first-order auto-
covariance of increments of spot volatility estimates—computed over non-overlapping blocks—
should be zero asymptotically if volatility follows a standard semimartingale process. On the
other hand, after appropriately scaling down the sample autocovariance, it converges to a strictly
negative number when volatility is rough. The resulting test statistic is a self-normalized quantity
which converges to a standard normal random variable under the null hypothesis of semimartin-
gale volatility and diverges to negative infinity under the rough volatility alternative hypothesis.

The rest of the paper is organized as follows. We start with introducing our setup in Section 2.
The theoretical development of the test is given in Section 3 and its finite sample properties are
evaluated in Section 4. Section 5 contains our empirical application. Section 6 concludes. The
proofs are given in Appendix A with technical details deferred to Appendix B.

2 Model Setup

We denote the logarithmic asset price by . We assume that x is defined on a filtered probability
space (Q, F,F = (Ft)t>0,P) with the following It6 semimartingale dynamics:

a:t:xo+/0toz5ds+/0tades+/0t/E’y(s,z)(,u—V)(ds,dz)+/Ot/EF(s,z)u(ds,dz), (2.1)

where x( is an Fy-measurable random variable, W is a standard F-Brownian motion, p is an
[F-Poisson random measure on [0, 00) X E with intensity measure v(ds, dz) = A\(dz)ds and A is a
o-finite measure on an auxiliary space E. The drift « is a locally bounded predictable process,
while v and T' are predictable functions such that the integrals in (2.1) are well defined. We
think of v and I' as modeling infinite variation and finite variation jumps, respectively, rather
than modeling small and big jumps. This distinction is important because our assumptions on
the two below will differ. In particular, if  has only finite variation jumps, we can and should
take v = 0.

The goal of this paper is to develop a statistical test for the fine structure of the spot
(diffusive) variance, ¢; = o2, with the null and alternative hypotheses being

Hj : {c; is a semimartingale process, with paths of finite quadratic variation on [0, 71}, (2.2)
Hi : {c; is a rough process, with paths of infinite quadratic variation on [0, 7]}, '

where T is some fixed number. We say that a general process Z = (Z;)c[o,1] is Tough if it is not
constant over [0, 7] and

RV(Z);’W B %ZE&"J (Zin, — Zi—2)n,)?

P
— = —7<1l as A, —0, (2.3)
RV(Z)p 1% (Zia, — Za_ya,)?

that is, the realized variance of Z computed at half the frequency, RV (Z )g’l/ 2, is only a fraction

of the realized variance of Z computed at the original frequency, RV (Z)}. A smaller value of
7 indicates less regular sample paths of Z. Indeed, it is easy to see that 7 = 2 is the largest
possible value in (2.3), and this is attained, for example, if Z; = fg zsds is a pure drift with a
stochastically continuous coefficient z. If Z is a process with a finite and non-zero quadratic
variation (e.g., if Z is a semimartingale which is not a drift), we have 7 = 1 in (2.3). If Z is
a fractional Brownian motion with Hurst parameter H € (0,1), we have 7 = 22/~1 and 7 is



rough precisely when H € (0, %) In general, if Z is rough process, its realized variance explodes
as A, — 0 and thus, its paths will be of infinite quadratic variation.

For our theoretical analysis, we need to impose some mild structural assumptions on ¢; (and
other coefficients in (2.1)) under both Hy and Hi, as detailed in the following two subsections.
We note that Hy and H; do not exhaust the whole model space; e.g., ¢; could have a finite
(possibly zero) quadratic variation without being a semimartingale process. These alternatives
correspond to 7 > 1 in (2.3) and in that sense imply smoother paths than our null hypothesis.
Hence they are not going to be rejected by our test, see Remark 3.4 below for more details.

2.1 The Null Hypothesis

Under Hy, we further assume that ¢; is an It6 semimartingale process given by

¢ t ¢
ct=co+ / asds + / (0SdWs + TSdW ) + / / Y(s,2)(p — v)(ds,dz)
0 0 JE

0
+/Ot/EFC(s,z)M(ds,dz),

where W is a standard F-Brownian motion that is independent of W, ¢y is Fp-measurable and
the requirements for the coefficients of ¢ will be given later. All continuous-time stochastic
volatility models that are solutions to stochastic differential equations are of this form, and (2.4)
is a frequent assumption in the financial econometrics literature, see e.g., Assumption (K-r) in
Ait-Sahalia and Jacod (2014) and Jacod and Protter (2012). In particular, ¢; can have jumps
and is nowhere differentiable in the presence of a diffusive component. Nevertheless, volatility
is smooth in squared mean in the following sense: There exists a sequence of stopping times 7,
increasing to infinity such that for all ¢ > 0,

(2.4)

6 = E[(ct8)Am — Cinr,)?] is differentiable (including at § = 0). (2.5)

In addition, we need similar structural assumptions on the infinite variation jumps of z.
More precisely, we assume that (u); = [5(e™®?) —1 — juy(t, 2))A(dz), for every u € R, is a
complex-valued It6 semimartingale of the form

() = p(u)o + /0 @ (uds + [ (07(u).dWS +7°(u). a7

0
+/0t/E’y¢(u;3,z)(u—V)(ds,dz)—i—/ot/EF“’(u;s,z)u(ds,dz), (2.6)

where W% and W7 are independent standard F-Brownian motions (jointly Gaussian with and
possibly dependent on W and W) and the coefficients of ((u) may be complex-valued.

If 7 is a deterministic function, ¢(u); is simply the spot log-characteristic function of the
infinite variation jump part of z. Condition (2.6) is a rather mild condition and is satisfied, for
example, if x has the same infinite variation jumps as fot K, _dLs, where K is an It6 semimartin-
gale and L is a time-changed Lévy process with the time change being also an It6 semimartingale,
see Example 1 below. This situation covers the vast majority of parametric jump models con-
sidered in the literature. A condition like (2.6) is needed in order to safeguard our test against
the worst-case scenario (which is possible in theory but perhaps less relevant in practice) where
price jumps are of infinite variation and their intensity is much rougher than diffusive volatility.
The null hypothesis does cover situations where x has infinite variation jumps with non-rough
intensity and/or finite variation jumps with arbitrary degree of roughness.

Our assumption for the process x under the null hypothesis is given by:



Assumption Hy. We assume that the following conditions are met under the null hypothesis:

1. We have (2.1)—~(2.6), where a, v, T', a¢, 0¢, 3¢, ¢, T'° and a¥(u), 0% (u), 7 (u), v*(u;-)
and T'%(u;-) (for every u € R) are predictable and of, o¢ and ¢ are locally bounded,
Moreover, inf{c, : 0 < s <t} >0 for all t > 0 almost surely.

2. There exist a sequence of stopping times T, increasing to infinity almost surely and non-
negative measurable functions Jy(z) satisfying [ Jn(2)A(dz) < oo for all n € N such that
whenever t < 1,, we have

(It 2P + et 2)P + [D(E )] + [T, 2)]) AL < Jn(2). (2.7)

3. For any compact subset U C R, the process

t sup sup{dla®(u/vé)} (2.8)
6€(0,1) ueld

1s locally bounded, while the processes

t— sup Efllaprs —au| A1 | F, t— sup E[lof,, —of|A1|F, (2.9)
s€[0,] s€[0,0]

t — sup{|60? (u/V8)| + [65° (u/V6)¢| } (2.10)
uel

converge uniformly on compacts in probability to 0 as § — 0. Finally, for any n € N, there
are constants C™(9) € (0,00) such that C™(§) — 0 as § — 0 and

sug{]é’yw(u/\/g; t,2)|* + \(5F“0(u/\/5;t,z)\} A1 < C™(6)JIn(z) (2.11)

forallt <7, and z € E.

The conditions on the coefficients of x, ¢ and ¢(u); are only slightly stronger than requiring
them to be It6 semimartingales. In particular, all three processes are allowed to have jumps of
arbitrary activity. The following example shows that the assumptions on ¢(u); are mild indeed.

Ezample 1. Suppose that fg Je (s, 2)(p — v)(ds,dz) = fg K,_dL,, where L is a mean-zero
purely discontinuous martingale whose jump measure has F-compensator \;_dtF(dz), for some
Lévy measure F' on R. Further, suppose that K and A are It6 semimartingales. Then

o(u) = /(ei“K’fz — 1 —iuKz)\F(dz), (2.12)
R
and (2.8), (2.10) and (2.11) are satisfied. The proof is given in Lemma A.5.

2.2 The Alternative Hypothesis

Under the alternative hypothesis, the stochastic volatility process c ceases to be a semimartingale
and is given by a rough process with a low degree of regularity. More precisely, we assume under
the alternative hypothesis that

¢
¢t = f(vg), where v =uvg+ / gt — 8)(adWs + 72 dW ) + vy, (2.13)
0



vo is Fo-measurable and f is a C2-function. The kernel ¢ has the semiparametric form

gt) = Kt V2 4 go(t), Ky =T(H+1/2)/sin(xH)T2H +1),  (2.14)
where H € (0, %), 2% = 2% if £ > 0 and 2% = 0 otherwise, and gy € C*([0,00)) with go(0) = 0.
The normalization constant Kpg is chosen such that in the case ¢ = 1, 3 = 0 and v = 0,
we have E[(viia, —v¢)%]/A2H — 1 as A, — 0 for any ¢ € (0,00). The specification in (2.13)
contains the rough volatility models considered in Gatheral et al. (2018), Bennedsen et al. (2022)
and Wang et al. (2023) as special cases.

Since H < % and ¢ has the same behavior as the fractional kernel K;IltH —1/2 at t = 0, the
process v has the same small time scale behavior, and thus the same degree of roughness, as a
fractional Brownian motion B with Hurst parameter H. However, due to the presence of go,
there are no restrictions on the asymptotic behavior of g and hence of v as t — oco. In particular,
v can have short-memory behavior or long-memory behavior. This separation of roughness on
the one hand and long memory on the other hand has been found important in practice; see
Bennedsen et al. (2022) and Liu et al. (2020). In addition to a fractional component, v may also
have a regular part v, which can include a (possibly discontinuous) semimartingale component.

We can compare the smoothness of ¢; under the alternative hypothesis with that under the
null hypothesis. We have the following result for ¢; in (2.13): There exists a sequence of stopping
times 7, increasing to infinity such that for all ¢ > 0,

El(c(ts)nm — Ctar,)?] < 62 as 6 — 0. (2.15)

In particular, (2.15) is not differentiable at § = 0. This leads to paths of ¢ of infinite quadratic
variation. The parameter H governs the roughness of the volatility path, with lower values
corresponding to rougher volatility dynamics. The limiting case H = 1/2 corresponds to the
standard semimartingale volatility model under the null hypothesis. Figure 1 below visualizes
the difference between a rough volatility path and a semimartingale volatility path.

Our assumption for the process x under the alternative hypothesis is given by:

Assumption H;. We have the following setup under the alternative hypothesis:

1. We have (2.1) and (2.13), where f and g are as specified above and v, «, v, I', o
and @° are predictable processes. Moreover, «, v, o¥ and @° are locally bounded and
inf{(f'(vs))?[(c?)? + (@2)%] : 0 < s <t} > 0 for all t > 0 almost surely.

2. There exist a sequence of stopping times T, increasing to infinity almost surely and non-
negative measurable functions Jy(z) satisfying [z Jn(2)A(dz) < co for alln € N such that
whenever t < 1,, we have

(|v(t, 2)]2 + 0, 2)) A1 < Jp(2). (2.16)

3. For any compact subset U of R, the process

t— sup sup{d|p(u/V)} (2.17)
6€(0,1) ueld

is locally bounded. Moreover, for any n € N, there is a constant Cy, € (0,00) such that

iggl@[mw — 0 Ly 5<ny]? < CLoTR(0), (2.18)



1/2
il>110) SUBE ]5¢(u/\/5)t+5 — 5cp(u/\/5)t]21{t+5gfn}} < Cn(SHh(é), (2.19)
>0 ue

iggE[(!Ufm —of P+ 015 = 1)) L procny]'? < Cuh(6) (2.20)

for all 6 € (0,1) and some h satisfying h(t) — 0 as t — 0.

Due to Condition (2.18), v can be any predictable process that is marginally smoother than
v. In particular, ¥ can be another fractional process with H' > H or an It6 semimartingale
(possibly with jumps) or a combination thereof.

Ezample 2. Consider the same setting as in Example 1, except that K and A can be any
predictable locally bounded process satisfying

sup EHKt - K8|21{s,t§7'n}]1/2 + sup E[’)‘t - )‘8|21{s,t§7n}]1/2 < Cn|t - 8|H7 (221)
s,t>0 s,t>0

for all n € N and where 7, and C,, are as in Assumption H;. Then, we still have (2.12) and
both (2.17) and (2.19) are satisfied. This is shown in Lemma A.6. In particular, this example
covers the case where \; = £(c;) for some C!-function /.

3 Testing for Rough Volatility

If volatility were directly observable, testing for rough volatility would be a straightforward mat-
ter based on the variance ratio in (2.3); see Barndorff-Nielsen et al. (2011). Due to the latency
of volatility, however, examining the realized variance of spot volatility estimates at different
frequencies is problematic as a testing strategy, as estimation errors can produce spurious rough-
ness (Cont and Das, 2022) and jumps in price and volatility as well as microstructure noise in
the data can lead to significant biases. To avoid such complications, we base our test on an
equivalent—but more robust—characterization of rough processes. Specifically, expanding the
square in the numerator of (2.3) and neglecting boundary terms, we can write

RV (Z2)3'?

SEAY Zin, = Zia—na,) Za—na, — Zi—an)
RV(2) '

S (Zia, — Z(i-1)a,)°

Recognizing the ratio on the right-hand side as the first-order sample autocorrelation of the
increments of Z, we conclude that Z is rough precisely when its increments are negatively
correlated at high frequency.

With this insight, we construct a rough volatility test based on the sample autocovariance
of increments of spot volatility estimates. Such a covariance-based test has one important
advantage over tests relying on variances. Mainly, while statistical errors in estimating spot
volatility and biases from jumps and microstructure noise can heavily distort variance estimates,
they remain largely uncorrelated across non-overlapping blocks of data and, as a result, have a
much smaller impact on autocovariances. For example, our test achieves robustness to jumps
and microstructure noise without any procedure to remove them.

1+

(3.1)

3.1 Formulation of the Test

We assume that we have high-frequency observations of the log-asset price process x at time
points 0, Ay, 2A,,,... up to time T', where A, — 0 as n — oo and T' € (0, 00), the number of



trading days, is fixed. We split the data into blocks of p, increments, where p,, is a positive
integer increasing to infinity. Our test statistic is based on estimating spot log-variance (i.e.,
log o7) on each of the blocks and then computing the first-order autocovariance of the increments
of these volatility estimates. More specifically, following Jacod and Todorov (2014), we estimate
the spot variance using the local empirical characteristic function of the price increments within
each block. These local volatility estimators are given by

&(u) = =5 loglLj(w)l,  where  Lj(u) = ST emaeVAL (3.2)
i:(j_l)pn"rl

e}

for j = 1,...,|T/(pnAy)], some 1 < k, < p, and some u € R\ {0}. For a generic process
X, we write AT X = X;a, — X(i—1)a,- If kn < pn, we have time gaps between the blocks used

in computing successive Z?(u) This is done to minimize the impact from potential dependent
market microstructure noise in the observed price on the statistic, see Section 3.3 below.

Denoting ¢} (u) = log¢c}(u), we next form increments between blocks, that is, Ac(u) =
< (u) =} (u). We further difference AM¢(u) between consecutive days and denote this difference
by

ATe(u,u') = AYc(u) — A7 ye(u), for u,u’ € R\ {0} (3.3)

To simplify notation, we assume that 7 and 1 = (p,A,)”! are both even integers. In this
case, 1 is the number of blocks within one trading day, which is asymptotically increasing.
The differencing across days is done to mitigate the effect on the statistic from the presence
of a potentially erratic periodic intraday volatility pattern, which can be quite pronounced as
previous studies have found (Wood et al., 1985; Harris, 1986; Baillie and Bollerslev, 1991).
Indeed, if volatility is a product of a deterministic function of time of the trading day and
a regular stochastic semimartingale, then the intraday periodic component of volatility gets
canceled out in the asymptotic limit of A7c(u, ). Importantly, the daily differencing in (3.3)
has no impact on the power of the test.

Our test statistic is then based on the sample autocovariance of é}‘?(u, u’). More specifically,
it is given by

n 2jed, Ag;eug, u?—ﬂ/2)é§jf2?(u§b—l’ “?—1—1/2)

\/Zjejn (Agjc(uf, “?—1/2)é3j—2€(“?—1’ “?—1—1/2))2
T/2

where J,, = U, 27{2 + (2k — 1)/(2pnAn), ..., 2k/(2p,Ay)}. This choice of J,, avoids including
the covariance between the last volatility increment of a trading day and the first one on the
next trading day. This way, the summands in the numerator of T" are asymptotically uncorre-
lated under the null hypothesis and this makes the construction of a feasible estimator of the
asymptotic variance straightforward.

We note that one can easily derive the asymptotic distribution for higher-order sample auto-
covariances and include them in the formulation of the test as they should be all asymptotically
zero under the null hypothesis and all asymptotically negative under the alternative hypothesis.
We do not do this here because one can show that the first-order autocovariance is typically
much higher in magnitude than the higher-order ones under the alternative hypothesis.

The arguments u} of the empirical characteristic functions used in T are chosen in a data-
driven way using information from preceding blocks. Their specification is given in the following
assumption:

: (3.4)



Assumption U. We have

6 .
where 0 > 0 and 1} is an F(o;_2)p, A, -measurable random variable with the following properties:
There is an adapted and stochastically continuous process n; such that inf{ns : 0 < s <t} >0
almost surely for all t > 0 and, for every m € N,

sup E[In} = n2j—2ypn a0 1 L{25—-2)pnAn<rm}] — 0 3.6
) [ = M2j-2)pnan L {@2j-2)pnAn<rm)] (3.6)

as n — 00, where (Tm)men 18 the sequence of stopping times from Assumption Hy or Hy. More-
over, for every m € N, there is are constants 0 < n,, < n < oo such that

lim P(nnz <nj < nt forall j=1,....|T/(2pnA)| with (25 — 2)pnA, < Tm> =1. (3.7)

n—o0

Ezample 3. As we show in Lemma A.7, a natural choice is 1; = 07 together with

Lo
n 1 n .
M= 1 & b Ji=1...,[T/(2pnAn)], (3.8)
=0,
for some fixed 3 < ¢; < {9 and where
o= S |ArzAL ] (3.9)

'L:(]_l)pn'i'l

is the bipower spot volatility estimator of Barndorff-Nielsen and Shephard (2004).

3.2 Asymptotic Behavior of the Test

Let Foo = thO Fi and use £78 to denote Foo-stable convergence in law, see page 512 of Jacod
and Shiryae\//\ (2003) for the definition. The following theorem characterizes the asymptotic
behavior of 7™ under the null and alternative hypotheses.

Theorem 3.1. Suppose that
knv/Ap — 0, kaAY2 00 forall >0, pu/kn — k€ [1,00), (3.10)

and consider the test statistic T™ as defined in (3.4), where uy satisfies Assumption U.

1. Under the null hypothesis set forth in Assumption Hy, we have
T 28 N(0, 1). (3.11)
2. Under the alternative hypothesis set forth in Assumption Hy, we have

T B % at arate of V1/(pnAy). (3.12)



In particular, a test with critical region
"= {T" < d ' (a)}, ac(0,1), (3.13)

where ® is the cumulative distribution function of the standard normal distribution, has asymp-
totic size o under Assumption Hy and is consistent under Assumption H;.

The requirements for the number of elements in a block, k,, in (3.10) is a standard condition
that essentially balances asymptotic bias and variance in the spot volatility estimation. The
limit behavior of the statistic under the null hypothesis is driven by the diffusive component
of x. While infinite variation jumps are of higher asymptotic order, they can nevertheless
have nontrivial effect in finite samples. The estimates of the asymptotic standard error of the
autocovariance used in 7" should automatically account for such higher order terms. Therefore,
we expect good finite sample behavior of the test statistic even in situations with high jump
activity. We confirm this in the Monte Carlo study in Section 4. This is not the case for
nonparametric estimates of diffusive volatility, which are known to have poor properties in the
presence of infinite variation jumps. Finally, the rate of divergence of the statistic under the
alternative hypothesis is determined by the length of the interval over which local volatility
estimates are formed.

3.3 Robustness to Microstructure Noise

Volatility estimators such as realized variance can be severely impacted by microstructure noise
in observed asset prices, see e.g., Ait-Sahalia et al. (2005), Hansen and Lunde (2006) and Bandi
and Russell (2008). By contrast, we show in this section that the test statistic 7" from (3.4) is
naturally robust to many forms of microstructure noise considered in the literature, without the
need to employ classical noise-reduction techniques such as two-scale estimation (Zhang et al.,
2005), realized kernels (Barndorff-Nielsen et al., 2008) or pre-averaging (Jacod et al., 2009). The
reason for this is similar to that for the robustness towards infinite variation jumps. Mainly,
the contribution of the noise to the empirical characteristic function gets canceled out in the
differencing of the consecutive volatility estimates in Ag??(u).
We start with stating the counterparts to Assumptions Hy, H; and U in the noisy setting.

Assumption Hj,. The observed log-prices are given by
Yin, = Tin, + €, i=0,...,|T/A,], (3.14)

where the latent efficient price x; follows (2.1) and satisfies Assumption Hy, while the noise
variables €;' are of the form

& = AT pin, Xi- (3.15)

Here, w € [0,00) determines the size of the noise, p is an adapted locally bounded process and
(Xi)icz 18 a strictly stationary m-dependent sequence of random variables (for some m > 0),
independent of Foo and with mean 0, variance 1 and finite moments of all orders.

1. If w < 3, we further assume that p is an Ité semimartingale of the form

47

t t
pt—po+/ ozpds+/ (cPdWs +0de / / (s,2z)(p —v)(ds,dz)

//Fpsz (ds,dz),

(3.16)
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where W is a standard F-Brownian motion that is independent of W (and jointly Gaussian
and potentially correlated with W, W% and WW), po is an Fo-measurable random vari-
able, af, of and o” are locally bounded adapted processes and ~* and TP are predictable
functions. Moreover, the process t = supyepo 5 Ellos — of | A 1| Fi] converges uniformly
on compacts in probability to 0 as § — 0 and we have (|[v°(t, 2)|? + [TP(t,2)|) A1 < Ju(2)
whenever t < 1, (where T, is the localizing sequence from Assumption Hy).

2. Ifw < %, we have inf{p; : 0 < s <t} >0 for allt > 0 almost surely. If w < % orif 0p =0

in Assumption U below, there exists € > 0 such that (2.7) can be strengthened to
(It 2P+ Iy, 2) P75 + [T 2) [+ [T 2) 1 79) AL < J(2) (3.17)

and the processes in (2.9) and (2.10) as well as the constant C™(0) from (2.11) still con-
verge to 0 if divided by &°.

Assumption H)|. We have (3.14), where x; satisfies Assumption Hy and the noise variables

€l satisfy (3.15), where w, p and (xi)iez have the properties listed in the sentence immediately

after (3.15).

1. Ifw < % + %H, we further assume that

t
pt = F(wy), wy = wo + / Gt —s)(c¥dWs +TYdW s + 5 dW5) + wy, (3.18)
0
where F is a C?-function, wg is Fo-measurable and G(t) = K;I;tf"flﬂ + Go(t) for some

H, € (0,%) and Gy € CY([0,00)) with Go(0) = 0. Moreover, W is a standard F-Brownian
motion that is independent of W and W and jointly Gaussian (and possibly correlated)
with W, W¥ and W. The processes w, o¥, 7% and ¢ are adapted and locally bounded,
and for any n € N (and with 1, as in Hy and Cy, and h as in H;), we have

iggl@u@% — @ Ly 5y ]2 < Cu0Mon(0), (3.19)

SthSE[(IUEig — o+ [t — 0V P 4 5t — 0 1) L racnn]? < Cuh(6). (3:20)

2. Ifw < % or if 8y = 0 in Assumption U below, we have h(t) = O(t°) as t — 0 for some
e>0.

8. If w < 3+ 5H and (pnAn)HAgll_zw)+ = 0((pnAn)HPA$L2w_1)+), then almost surely
inf{(psF'(ws))*[(0%)* + (G¥)2 + (6¥)?] : 0 < s <t} > 0 forallt > 0. Ifw = % and

H = H,, then almost surely inf{z; : 0 < s <t} >0 for allt > 0, where
2= (31 ()af +E[(Ax1)2peF (we)op’)? + (3 ()7 +E[(Ax1)?]peF (w7 )
+ (E[(Ax1)*]peF" (wy)57)
and Axi = Xi — Xi-1-

We consider the case when the noise is asymptotically shrinking (o > 0) and when this is
not the case (ww = 0). Naturally, the requirements for the process p are somewhat stronger for
lower values of @ (which correspond to asymptotically bigger noise). A typical example where
the conditions on p are met, irrespective of the size of the noise, is when p is a function of

11



volatility, in which case we have w = v and H, = H. Given evidence for a strong relationship
between noise intensity and volatility (Ait-Sahalia and Yu, 2009), this is also the empirically
relevant case. N

To test H{, against H}, we use the same test statistic 7™ from (3.4) as before, except that

now

LMuw)y=— Y av/Van (3.21)
" i=(j=1)pn+1

which uses the observed prices y instead of the latent efficient price . We do not change the
notation of 7, Hu), & (u) and E?(u) to reflect the fact that (3.2) is a special case of (3.21),
namely when microstructure noise is absent. More importantly, in practice, one does not have
to know or decide whether noise is present or not. We do have to adjust Assumption U in the

presence of noise:
Assumption U’. We have Assumption U with the following modifications:

1. In (3.5), 0 = 0, is a sequence of positive numbers such that 6,, — 6y € [0,00). If w < %,
we have 0y = 0. The variables 0 are F((2j-2)p,—m—1)a, -measurable.

2. In (3.6) and (3.7), nj is replaced by n;?/A,(fw_l)Ao, and (3.6) still holds if the left-hand

side is divided by AS,. The numbers w and € are the same numbers as in (3.15) and (3.17).

3. The process t — sup,e(q g) E[|nt+s—ne|A1]/6¢ converges uniformly on compacts in probability
to 0 as 0 — 0.

Theorem 3.2. Suppose that Assumption U is satisfied. If

kn vV Ay,

g 0, kA2 o0 foralli >0, pu/ky— k€[l,00), kyp<pp—m—1, (3.22)

then the behavior of the test statistic T™ remains the same as described in (3.11) or (3.12)
depending on whether we have, respectively, Assumption Hj, or H). A test based on the critical
region (3.13) has asymptotic size o under Assumption H, and is consistent under H;.

The rate conditions in (3.22) are slightly stronger than those in (3.10) corresponding to the
case of no market microstructure noise. In particular, the last condition in (3.22) is necessary to
avoid the noise having an asymptotic effect on the statistic. Since one does not typically know
a priori the degree of dependence in the noise, it is better to pick x slightly above one.

In the noisy case, we need 8 = 6, — 0 if w < % The consequence of that is that we only
need to assess the characteristic function of the noise for values of the exponent around zero.
Setting p = 0 in Theorem 3.2, we can verify that Theorem 3.1 remains true even if we choose
0 = 0,, — 0 (subject to (3.22) and the strengthened conditions for §y = 0). Similarly, as shown in
Lemma A.7, Example 3 can be extended to the noisy case with 7, = U?l{w>%} +K(X)p?1{w<%},

where K(x) = FE[|Ax2Ax1]]. Importantly from an applied point of view, in order to implement
the test, we do not need to decide whether microstructure noise is present or not (or know the
value of w).

Finally, the rate of convergence of the statistic is determined either by the noise or by the
diffusive component of the price. This depends on the value of w, i.e., on how big in asymptotic

sense the noise is. The user does not need to know this in implementing the test.
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Remark 3.3. We conjecture that in Theorem 3.2, the m-dependence assumption on x can be
weakened by requiring x to be t-polynomially p-mixing for some ¢ > 1 as in Jacod et al. (2017),
Da and Xiu (2021) and Li and Linton (2022).

Remark 3.4. The hypotheses Hy and H; in (2.2) do not encompass all possible models, as ¢;
could also be a non-semimartingale process with finite quadratic variation. This is for instance
the case if ¢; is a fractional process of the form (2.13) but with H > 3 in (2.14) (and H, > 1
if there is noise). In this case, the volatility paths will have zero quadratic variation and the
high-frequency increments of volatility will have positive autocorrelations. Denoting H, = (H +
(1—2w)4)A(H,+ (2w —1),), one can show that if H, € (3,3), then Tm 5 co. This is because
the positive autocovariance of volatility (or noise intensity) increments dominates in this case.
If H, € [2,1), then estimation errors dominate and we have TnES N (0,1). In summary, the
asymptotic rejection rate of a one-sided test based on the critical region in (3.13) will not exceed
the nominal significance level under these zero quadratic variation alternatives. Since we do not
observe any significant and positive values of the test statistic in the empirical application, we
omit a formal proof of the aforementioned fact.

Remark 3.5. As Li et al. (2022) and Shi and Yu (2023) show, there is a weak identification issue
in estimating rough volatility based on discrete-time models. For example, within the class of
ARFIMA models, it is asymptotically impossible to distinguish a near-stationary long-memory
model from a rough model with near unit root dynamics. As our theoretical analysis shows,
this weak identification issue can be resolved by considering an infill asymptotic setting. Our
test can identify rough volatility irrespective of whether volatility has short or long memory
behavior.

4 Monte Carlo Study
In this section, we evaluate the performance of the test on simulated data.

4.1 Setup

We use the following model for a:

dzy = /V,dW; + /Ra:(u(dt,dx) — dtvy(dz)), (4.1)

where W; is a standard Brownian motion, p is an integer-valued random measure counting the
jumps in 2 with compensator measure dtv;(dz) and v4(dz) is given by

C  Vidx. (4.2)

The volatility under the null hypothesis (corresponding to H = 1/2) follows the standard Heston
model of Heston (1993):

Vi =Vo+ /Ot (n(e — Vi)ds + u\/deBs) : (4.3)

where B, is a Brownian motion with corr(dW;, dB;) = pdt. The volatility under the alternative
hypothesis follows the rough Heston model of Jaisson and Rosenbaum (2016):
1 t
Vi=Vot — | (t— H—W( 0—V,)d \/vsst> 4.4
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where again By is a Brownian motion with corr(dWy, dBy;) = pdt.

In the above specification of x, we allow both for stochastic volatility, which can exhibit rough
dynamics, and jumps. The jumps are modeled as a time-changed tempered stable process, with
the time change determined by the diffusive volatility as in Duffie et al. (2000). This is consistent
with earlier empirical evidence for jump clustering. The parameters A and « control the behavior
of the big and small jumps, respectively. In particular, « coincides with the Blumenthal-Getoor
index of « controlling the degree of jump activity. We fix the value of A throughout and consider
different values of a. For given A and «, we set the value of the scale parameter ¢ to

2—a

A
c=0.1x Fo—0s. (4.5)

With this choice of ¢, we have [, 22vy(dz) = 0.2 x V;, which is roughly consistent with earlier
nonparametric evidence regarding the contribution of jumps to asset price variance.

Turning next to the specification of the volatility dynamics, we set the mean of the diffusive
variance to @ = 0.02 (unit of time corresponds to one year) and the mean reversion parameter to
x = 8, which corresponds approximately to half-life of a shock to volatility of one month. The
volatility of volatility parameter in the Heston model is set to v = 0.45 (recall that the Feller
condition puts an upper bound on v of v < m) We then set the value of v for the different
rough specifications (i.e., for the different values of H < 1/2) so that the unconditional second
moment of V; is the same across all models.

Finally, we assume that the observed log-price is contaminated with noise, i.e., instead of
observing x, we observe

Yir, = TiA,, T Onoise V %Ang’h 1= 17 RN (2 (46)
where {e;}i—1,. » is an i.i.d. sequence of standard normal random variables defined on a product
extension of the sample probability space and independent from F. We set aﬁoise = 0.5 x ﬁ X

(1.0548 — 1) /(4620 — 77 x 1.0548) = 2.40 x 1078, The value 1.0548 corresponds to the median of
the ratio of daily realized volatility from five-second returns over the daily realized volatility from
five-minute returns in the data set used in the empirical application. The numbers 4620 and
77 correspond, respectively, to the number of five-second and five-minute returns for our daily
estimation window, see the discussion below for our sampling scheme. The above calibration of

the noise parameter is based on the fact that in our model, the ratio of daily realized variances

1/25242x4620x02 . . .
B 2T with a business

noise

time convention of 252 trading days per year (which we use as our unit of time here).

The parameter values for all specifications used in the Monte Carlo are given in Table 1. We
consider two different values of the Blumenthal-Getoor index: one corresponds to finite variation
jumps (a = 1/2) and one to infinite variation jumps (o = 3/2). For the volatility specification,
we consider three values of the roughness parameter: H = 0.5 (this is the standard Heston
model), H = 0.3 and H = 0.1, with the first value corresponding to the null hypothesis and the
last two to the alternative hypothesis. Recall that lower values of H imply rougher volatility
paths and the rough volatility literature argues for value of H around 0.1 (Gatheral et al., 2018).

We simulate all models using a standard Euler scheme. Since the rough volatility models
are non-Markovian and because the asymptotic distribution of the test statistic is determined
by the Brownian motion W; driving the price z, we independently generate blocks of seven days
of daily high-frequency data in order to save computational time. The first five days are used
for determining the value of the characteristic exponent 77" on the last two days as will become

at five seconds versus five minutes is approximately equal to
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Table 1: Parameter Setting for the Monte Carlo

Case Variance Parameters Jump Parameters Noise Parameter
H 0 K v p o A c Onoise
V1-J1 0.1 0.02 8 0.10 -0.7 0.5 500 1262 1.55 x 10~
V1-J2 0.1 0.02 8 0.10 -0.7 1.5 500 1.26 1.55 x 10~
V2-J1 0.3 002 8 022 -0.7 0.5 500 1262 1.55 x 10~*
V2-J2 0.3 0.02 8 0.22 -0.7 1.5 500 1.26 1.55 x 10~
V3-J2 0.5 002 8 045 -0.7 0.5 500 1262 1.55 x 10~*
V3-J2 0.5 002 8 045 -0.7 1.5 500 1.26 1.55 x 10~

clear below. For each independent block of data we then keep the products of the differenced
volatility increments over the last day.

The starting value of volatility is set to its unconditional mean. The sampling frequency
is five seconds. As a result, on each day, we have 4680 five-second price increments in a 6.5
hour trading day. This matches exactly the number of high-frequency daily observations in
our empirical application. To further match what we do in the application, we drop the first
5 minutes on each day in the Monte Carlo. This leads to a total of 4620 five-second return
observations per day that we use in the construction of the test.

In the top left panel of Figure 1, we plot a simulated path from the rough volatility specifica-
tion V1-J1 with H = 0.1 over one day. One can clearly notice the sizable short-term oscillations
of the spot volatility which is due to the roughness of the volatility path. In the top right
panel of Figure 1, we display the integrated volatility over intervals of five minutes. Our local
volatility estimators Ey’(u) can be thought of as estimators of such integrated volatilities over
short windows. The oscillations in the five-minute integrated volatility series are much smaller
than in the spot volatility one. This is not surprising and illustrates the difficulty of the testing
problem at hand. Nevertheless, even when volatility is integrated to five-minute intervals, one
can notice frequent short-term volatility reversals. These reversals lead to negative autocorre-
lation in the first difference of the five-minute integrated volatility and will effectively provide
the power of our test. In the bottom panels of Figure 1, we plot the spot and five-minute
integrated volatilities for a simulation from the specification V3-J1, which corresponds to the
null hypothesis with H = 0.5. The oscillations in spot volatility are now orders of magnitude
smaller. Furthermore, the five-minute integrated volatility from specification V3-J1 does not
exhibit any distinguishable short-term reversals.

The contrast between the spot volatility and the integrated volatility in the two top panels
of Figure 1 further illustrate the difficulty of estimating spot volatility in a rough setting. For
example, the relative absolute bias of five-minute integrated volatility as a proxy for the spot
volatility at the beginning of the interval is around 20% in scenario V1-J1 (corresponding to
H =0.1) and only 1% in scenario V3-J1 (corresponding to H = 0.5).

We finish this section with explaining our choice of tuning parameters. For computing the
statistic, we use a block size of p, = 60, which leads to 4620/p,, = 77 blocks per day. On each
local block, we use the first four minutes to estimate volatility, i.e., we set k,, = 48. This implies
a one-minute gap between blocks of increments used in computing the empirical characteristic
functions. Finally, for each day, the characteristic exponent parameter 6,, is set to

0, = /—2log(£,), 0< L, <1, (4.7)
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Figure 1: All time series are reported in annualized volatility units. The simulated volatility
paths are from specification V1-J1 (left panels) and V3-J1 (right panels).

and the data dependent scale parameter 7} is set to?

5
I
n; = R g Clj o (4.8)
k=1

where [, correspond to the indices of the blocks of increments over the past five trading days
covering the same time of day as the (25 — 1)-th and 2j-th blocks. With this choice of tuning
parameters, E;”(u?) has a norm of approximately £,. We experiment with three different values
of £, of 0.95, 0.75 and 0.50. These correspond to 6, = 0.32, 0.76 and 1.18, respectively.

4.2 Results

The Monte Carlo results are reported in Table 2. We can draw several conclusions from them.
First, the test appears correctly sized with only minor deviations from the nominal size level
across the different configurations. Second, the test has very good power against volatility
specification with very rough paths, i.e., against the specification V1 corresponding to H = 0.1.
Earlier work arguing for presence of rough volatility has found the rough parameter H to be
close to zero and below 0.1. As seen from the reported simulation results, our test can easily

1Extending Example 3 to the case where gaps are permitted, one can easily show that this specification of n;
satisfies Assumptions U and U’.
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separate such an alternative hypothesis from the null hypothesis of smooth It6 semimartingale
volatility dynamics. Indeed, the empirical rejection rates of the test in scenarios V1-J1 and
V1-J2 is 100%. Third, the power of the test is significantly lower against rough volatility with
H = 0.3. This is not surprising because this case corresponds to significantly less roughness
in the volatility paths and illustrates the difficulty of the testing problem. Fourth, the power
of the test decreases slightly with the decrease in £,, with the performance for £, = 0.95 and
0.75 being very similar. Naturally, the power of the test increases when including more data,
i.e., when going from one to four years of data. Finally, we note that neither the size nor the
power properties of the test are affected by the level of jump activity, which is consistent with
our theoretical derivations.

Table 2: Monte Carlo Results

Case n = 4680 x 250 n = 4680 x 1000
£, =095 £,=07 £,=050]|%L,=09 £,=07 £,=0.50

V1-J1 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
V1-J2 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
V2-J1 0.1640 0.1640 0.1240 0.3280 0.3160 0.2760
V2-J2 0.1360 0.1120 0.0800 0.3480 0.3360 0.2800
V3-J1 0.0570 0.0600 0.0490 0.0510 0.0440 0.0430
V3-J2 0.0580 0.0550 0.0540 0.0480 0.0580 0.0680

Note: Reported results are empirical rejection rates of the test with nominal size of 0.05 based
on 1,000 Monte Carlo replications for the scenarios corresponding to the null hypothesis and on
250 Monte Carlo replications for the scenarios corresponding to the alternative hypothesis.

5 Empirical Application

We apply the test for volatility roughness to high-frequency data for the SPY exchange traded
fund tracking the S&P 500 market index over the period 2012-2022. On each trading day, we
sample the SPY price at five-second frequency from 9:35 AM ET until 4:00 PM ET. We drop
days with more than 20% zero five-minute returns over the entire trading period of 6.5 hours.
This removes from the analysis mostly half-trading days around holidays when liquidity tends
to be lower. We further exclude days with FOMC announcements. The choice of p,, and k, as
well as of the characteristic exponents is done exactly as in the Monte Carlo.

The test results are reported in Table 3. They provide evidence for existence of rough
volatility. Indeed, when conducting the test over the different calendar years in our sample, we
reject the null hypothesis in 5 to 7 (depending on the level of £,,) out of a total of 11 years at
a significance level of 5% (indicated with *). If we conduct the test over periods equal to or
exceeding 3 years, then we always reject the null hypothesis at the same significance level of
5%. Comparing the performance of the test on the data and in the simulations, we see that the
rejection rates on the data are lower than for the case H = 0.1 in the simulations but higher
than those for the case H = 0.3.

In Figure 2, we plot the autocorrelation of the differenced volatility increments over the
entire sample period 2012-2022. Under the null hypothesis of no rough volatility, the auto-
correlations should be all zero asymptotically. Under the alternative of rough volatility, these
autocorrelations should be negative asymptotically, with the highest in magnitude being the
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Table 3: Empirical Test Results

Year Test Statistic Year Test Statistic
£,=095 £,=07 £,=0.50 £,=095 £,=07 £,=0.50

2012 0.26 0.05 -0.12
2013 -2.88* -1.93* -1.63 " "
9014 162 124 0.82 20122015 -2.34 -1.81 -1.45
2015 -0.17 -0.59 -0.95
2016 -1.04 -1.66* -1.75*
2017 | -2.02* -2.08* 2.61* i} i} .
9018 161 1,40 187" 2016-2019 -3.67 -3.18 -2.59
2019 -3.10* -2.31% -0.79
2020 -1.92* -2.07* -2.03*
2021 -1.74* -2.47* -3.44* 20202022 -2.17* -3.01* -4.06*
2022 -1.17 -1.74* -1.84*

20122022 -5.27* -5.04* -4.57*

first one. The reported autocorrelations up to lag 7 are all negative, with the highest in mag-
nitude being the first one. This is consistent with existence of rough volatility. We note that
the reported autocorrelations are small in absolute value. This is at least in part due to the
nontrivial measurement error in the volatility estimates.

0.1

Sample Autocorrelation of Differenced Volatility Increments
T T T T T

0.08

0.06 -

0.04 —

0.02 -

-0.02 -

-0.04

-0.06 —

-0.08

18 20

Figure 2: The plot displays autocorrelation in égj?(u;’, u;?_ﬂ /2) for the S&P 500 index.

6 Concluding Remarks

We develop a nonparametric test for rough volatility based on high-frequency observations of
the underlying asset price process over an interval of fixed length. The test is based on the
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sample autocovariance of increments of local volatility estimates formed from blocks of high-
frequency observations with asymptotically shrinking time span. The autocovariance, after
suitable normalization, converges to a standard normal random variable under the null hypoth-
esis if volatility is not rough and to negative infinity in the case of rough volatility. The proposed
test is robust to the presence of price and volatility jumps with arbitrary degree of jump activity
and to observation errors in the underlying process.

Implementing the test on SPY transaction data, we find evidence in support of rough volatil-
ity throughout the past eleven years. As a consequence of this finding, nonparametric estimation
of spot volatility is much more difficult in reality than what is implied by standard models with
It6 semimartingale volatility dynamics used in economics and finance. Indeed, the rate of con-
vergence for estimating spot variance c¢; at a fixed time point ¢ becomes arbitrarily slow as
volatility roughness increases. In spite of this observation, classical spot variance estimators
based on sums of squared increments retain their usual rates of convergence in a rough volatility
setting when viewed as estimators of local averages % ftt+A csds of spot variance, where A is
the length of the estimation window. Therefore, regardless of how rough volatility is, practi-
cally feasible inference is possible for local averages of spot variance rather than spot variance
itself, a situation which bears similarities with that of Imbens and Angrist (1994) in a different
econometric setting.

That said, many estimators in high-frequency financial econometrics, other than the standard
realized variance, rely on volatility being a semimartingale process, see e.g., the book of Jacod
and Protter (2012). We leave a detailed investigation of the implications of rough volatility on
the properties of such estimators for future work.

A Proof of Main Results

A.1 Proof of Theorems 3.1 and 3.2

Since the noise-free case is obtained from the noisy one by choosing w =1, p =0 and m = —1
(which we formally allow in the proof below), Theorem 3.1 is just a special case of Theorem 3.2.
We sketch the main steps in the proof of the latter, with technical details deferred to Section B.
By a classical localization procedure, it suffices to prove Theorem 3.2 under Assumptions SHJ,
SH/ and SU’, which are strengthened versions of Assumptions H{,, H| and U’, respectively, and
are delineated in Section B.1.

We first consider the behavior of the test statistic under the null hypothesis and suppose
that Assumptions SH{, and SU’ are satisfied. Using the notations

9 777’1, (.]71)pn+k'n /\1/2
~ n T T TuAy AT
W= =g G = —lglB@l L=y Y AT
\ " An " i=(j—1)pn+1
T ) = log @ (u),  ATE(u) =T (u) Ty (u),  AJe(uu) = ATF(w) — A} T(u),
we can write the test statistic 7™ as
f” _ Zjejn égjz(ﬂ?’ ayf]l/Q)AQ] QC( ] 17 ] 1— ]1/2) _ vn (A 1)

n=(sn on 2 vV n’
\/Zjejn(AQjc(“j’uj—nn)A?J pe(uf_y,uy_y 1/2)) W

where

\/m Z Agye(ug, uf_y p) Ay o€(Uf_1,Uj_1_y)5), (A.2)

JE€EIn
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W?’l

2
Z A2J u]’u] 11/2)A2j QC( 1, U ] 1— ]1/2)) . (A.3)
J€In

Un!

Since log|z| = R(Log z), where Log is the principal branch of the complex logarithm, a first-order
expansion gives

hie(u}) = R{ALL L ~”)/2( bi_1(@}))} + higher-order terms, (A4)

where A?Z(u) = L?(u) - L;‘_l(u) and £(z) = zlog|z| for z € C. Noting that L;L(u) is a local

estimator of the conditional characteristic function of Aly/ Af/\l/ 2, we can decompose

L} (u) = L (u) + L (u) + L} (w), (A.5)
—_ = Y=
variance bias signal
where
. 1 (jfl)pn‘i’kn ) )
D)= Y (A B | Fya,l),
" i:(j_l)pn‘f‘l
L;"vb<u) _ - Z ]E[ewnAiy _ eW"Az‘,i—ly ‘ f(ifl)AnL
" i=(—1)pat1
. 1 (jfl)pn‘i’kn )
L;},s(u) _ ki Z E[ezunAM_ly ’ ]:(i—l)An]a Uy = U/Af/\l/Q,
" i=(j—1)pn+1

and A",y = Alx + A ;e with

iAp
Ayr = g, At o AWt [ [ 9G8 )0 -v)(ds.dz)

1A
4 / / T(jAn, 2)u(ds, dz)
(i-1)A, JE

and Al';e = A¥pja, Ax;. The next lemma is a key technical step in the proofs and shows that
in the limit as n — oo, only the variance term in A%Z(H}l) and the signal term in Egj_l(ﬁ?)
have to be retained in (A.4) for the asymptotic analysis of V™. In particular, the signal part of
ASJL( ) has no asymptotic contribution to V™. To understand the intuition behind, consider

the noise-free case where the signal part of AgjL( j) is essentially given by an increment of
exp(—f( M2¢ + Apip(u uj/Ap)t). Since this is an It6 semimartingale in ¢ under the null hy-

pothesis, 1t has asymptotically uncorrelated increments with variances dominated by Agj LY (17;‘)
because of (3.22).

Lemma A.1. Under Assumptions SH, and SU, we have V" — v 20 asn— oo, where
3 { Aj;- 2LV(U? ) A% LU ) }
\/|jn i

(U? 1) 2(53 1— 11/2( j—1— 1/2))

?R{ AgjLV(jl?) B A%f]lLV(Ei?_]l/g) }
L) BTy @y )

(A.6)

and Lj(u) = exp(— 2“26((% 2)pn—m— 1)AnA(1 2t )‘Ij(UA%W_I/z)Jrp((?j—Q)pn—m—l)An)'
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The asymptotic distribution of V™ can now be established by an application of the martingale
central limit theorem. Recall that by assumption, 6y = 0 if w < %, while for w > %, both 6y =0
and 6y > 0 are allowed.

Lemma A.2. Under Assumptions SH), and SU, we have
vn LTS QY27 (A.7)

where Z is a standard normal random variable that is defined on a very good extension of the
original probability space and independent of Foo. The asymptotic Foo-conditional variance Q
s given by

1
Q=7 [ (wrara (A5)
It
where Ip = ;‘:fl[(Zk —1),2k],
1677
T sinh?(102¢, /m) if 60 > 0,

o)
Oocy

dai(cl (o> 1y Prlmcty)

qt

if =0
ellmsyppilioey)

and

m+1
n(eop) = ¢ 4 20 B (A0 + (G Var((Ax?) + 3 Cov(Anrn () ).

r=1

w(c, p) = (¢ + P’E[(Ax1)*)%.
Correspondingly, the denominator W™ in (A.1) is a consistent estimator of Q.

Lemma A.3. Under Assumptions SH, and SU, we have W" N Q as n — oo.

Proof of Theorem 3.1 under Hy. By localization, we can suppose that Assumptions SH{, and
SU’ are in fog\ce. Since @ is F-measurable, (3.11) immediately follows from Lemmas A.1-A.3,
the relation 7" = V" /+/W™ and property (2.2.5) in Jacod and Protter (2012). O

For the proof of Theorem 3.1 under the alternative hypothesis, we can suppose that Assump-
tions SH| and SU’ hold true. A key difference between a semimartingale and a rough volatility
process is that the latter has asymptotically correlated increments. So, instead of V" and W™,
the correctly normalized quantities are now

1

malt — 217 > AL}l g ) AR (g Ul g ) (A.10)
el e g,
and 1
.2 n~</,mn .n n o ,n n 2
Wt = T T D (AR uf g ) ARy ot(uf )y ) (A.11)
nivnt e,

where 7, = (pnAn)HA%PQW)+ + (pnAn)HPAq(n?w*l)Jr and H, = 0 by convention if w > % + %H
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Lemma A.4. Recall from (3.22) that k is the asymptotic ratio of py/kyn. Furthermore, let
A= limy, o0 (pnAn)HA,(}_QW)J’/7Tn.‘5 Under Assumptions SHy and SU', there are finite constants
Cy.m and Cy g that only depend on k and H such that

n,a. IP
v It — (Cn,Hl{Ae{%,l}} + Cn,le{A:O})/ (A(t) + A(t - 1))dta

I

1+ 2(Crmlppeqiay + Cri,1{p=0})°] / A(t)A(t — 1)dt (A.12)

It

P
Wn,alt

1 _
T[C&Hl{Ae{%,l}} + Cn,le{A:O}] /I (B(t) + B(t - 1>)dt7
T

+ Hlv 9=

where
Alt) = [(f’(vt)fffl{Ae{%,l}} + 2E[(AX1)Q]PtF'(wt)Ufl{Ae{Oé}})2
+ (F ()78 Lppeqa 1y + 2B X))o F ()T L peqo,1y))”
+ (2E[(Ax1)*)peF' (wi)5 1{Ae{07%}}>2]
and
B(t) = <{4[(f'(vt)02’1{Ae{§,l}} + 2IE[(AX1)2]ptF/(wt)o§”1{Ae{o,%}})2
+(f ()T ey + 2E[(AX1)Q]PtF/(wt)Eiul{Ae{Oé}})2
+ (2E[(Ax1)2)0eF ()5 o 173)7]

and ¢} = ctl{wz%}—i—pr[(AXl)Q]l{wS%}. Moreover, Cy g <0 for all k € [1,00) and H € (0, 3).

Proof of Theorem 3.1 under Hy. By localization, we may assume the stronger Assumptions SH/
and SU’. Since T" = /| J,,|V™¥ /v/Wnalt | we obtain (3.12) from Lemma A.4 and our assump-

tions (in particular, A(t) is strictly negative and B(t) is strictly positive). O
A.2 Proofs for Examples 1-3
Lemma A.5. In the setting of Example 1, o(u); from (2.12) satisfies (2.8), (2.10) and (2.11).

Proof. We only prove (2.10); the other two properties can be shown similarly. We can assume
that K and A are driven by W¢ and W* and by symmetry, it suffices to analyze o. Using It6’s
formula, we have that

o (u)y = / ()\t(ei“KtZ — 1iuzeX + (eF —1 - iuKtz)Jt’\)F(dz),
R

where o and ¢ are the coefficients of K and A\ with respect to W. Therefore

sup_sup|do®(u/vo),|
te[0,T) ueld

< / 0 sup sup )\t(ei“Kfz/‘/g — 1)iuzo )V + (emKtZ/‘/S —1—iuK,z/Vé)o} | F(dz).
R te[0, 7] ueld

(A.13)

By our choice of p, in (3.22), we either have A =0, A =1or A = % The last case happens precisely when
H=H, and w = %
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As § — 0, the integrand in the last line converges to 0 pointwise in z for all w. Moreover, it is
bounded by

1
<supu2> < sup |/\th05| + = sup \Kfai‘])zQ,
ueU t€[0,T] 2 te[0,T]

which does not depend on ¢ and is integrable with respect to F' almost surely. Therefore, the
dominated convergence theorem shows that (A.13) tends to 0 as § — 0. O

Lemma A.6. In the setup of Example 2, the process p(u); from (2.12) satisfies (2.17) and
(2.19).

Proof. Property (2.17) follows immediately from (2.12) and dominated convergence. For (2.19),
we can assume 71 = o0 by localization and that |\, |K;| < C. Then, because

Sip(u/ V) — Sp(u/V/E)s = /

(5(eiuKsz/\/S(ew(Kt*Ks)Z/*/5 — 1 —iu(K; — Kg)2/V)
R

(VS (K, — Ks)z/\@ AF(dz)

+ / 5(ei“KszN3 —1- z‘uKsz/\/S) (At — As)F(dz),
R

we have

5—H sup supE[‘(Sgp(u/\/g)t — (5<p(u/\/5)s‘2]

$,6>0,[t—s|<d ueld

< / Si—H sup SUPEH <6iuKsz/\/3(eiu(Kt—Ks)z/\/3 —1 — (K, — KS)Z/\/S)
R $,6>0,|t—s|<5 ueld

. . 271/2
(e )i (K, — Ks)z/\/5> A+ (€558 1 B 2 ) (O — Ay) ] " pdz).

Clearly, the integrand tends to 0 pointwise in z as § — 0. Moreover, we can use the estimates
e — 1| < |uz|, [ — 1 — juz| < Ju?a? and |K; — K,|? < 2C|K; — K| to bound it by

1 1 271/2
o H sup supE[(uz\Kt—Ks|2\)\t\z2+u2|Ks)\tHKt—Ks\zz—i—u2K§z2|)\t—)\5]> ]
5,60, |t—s| <8 ueld 2 2

<5 "  sup <202}E[|Kt — K%+ %cﬁauxt — )\5|2]1/2> (sup u2> 2?2

$,620,|t—s|<0 uel
5
< Z0.C? <sup u2> 22
2 uel
which is integrable with respect to F. The claim now follows by dominated convergence. O

Lemma A.7. If nj is chosen according to (3.8)°, then Assumption U is satisfied under both Hy
and Hy, while Assumption U is satisfied under both Hj, and H).

Proof. Tt suffices to show that Assumption U’ is satisfied, as Assumption U follows by consid-
ering the special case w = 1 and p = 0. To simplify notation, we further restrict ourselves
to the case {1 = (o = 2 (i.e, ] = ¢4; ,). The general case is similar but more cumber-
some to write. With this choice, n;l is clearly F(2j_2)p,a,-measurable. In order to show (3.6)

5Tn the noisy case, ¢} from (3.9) is computed from the observed prices y.
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and (3.7), we can work under the strengthened conditions of Assumption SH{, and SH/ by lo-
calization. In particular, we can assume 7,, = oo for all m € N. Introducing the notation

E? = (1/2knAy) Z(J pn+kn |Ax¢ + ATe||AT j2¢ + A €|, where ¢ = fo osdWs, we have

(j—1)pn+1
G-t =5 Y (AT - A7+ AT ALy
T i=(j—1)patl

+IATSE + Ale|(|AL y] — AL 12 + AL e])].

Therefore,
(jfl)pn+kn
BT - APT N < ot Y E[IAT B (1A - A7 + Al
" i=(j—1)pn+1

+ B [JA72C + APe|] [|AP y| — |APa® + AT 16\}} (A.14)

Since EI"  [||Al'y| — |Az® + Ale||] < E[ATy — APa® — Al¢|] < (K + [, J(2)A(d2))A, +
VAphs3(A,) by Lemma B.3, we obtain E[[E;?—&;?\/ASW‘”AO] < C’hg(An)/Agw 1) , which goes
to 0 uniformly in j. With jumps and drift removed, it is now easy to show that we can replace
ALz by 0(;_9)a, A7 W and AT e by AT p(i—2)a, A7 ox (£ =0,1) inc] /A (2=1)A0 , incurring
only an O,(v/A,,)- or O,(Al)-error (depending on whether we have H} or H/) that is uniform in

j. Using a martingale argument and writing K (y) = ”EHA)@AMH one can prove that the re-

1)pn+k7n 2 (1—2w)\/0
(- 1pn+1(‘7( —2)a,An T

1-2w)A0
K(X)p%i—g)AnA% @) ), which approximates U(j—l)pnAn+1{w2§}+K( X)p? Pi—1)pnn
a uniform O, (v/pnAn)- or Op((pnAy)H)-error. This shows (3.6) and its extension mentioned in
Assumption U’.
~n,1 | ~n,2

Next, we consider (3.7) and observe that ¢} = ¢;>" +¢;*", where

sulting expression approaches, at a rate of v/ky, the term k! Z G-

T (jfl)pn+k’n
~n,l g n n
G T kA, Z o [1afy AL l],
Z:(]_l)pn‘i'l
) . (G=D)pntkn
G T A, Z {|A”yA "yl — ?_2[!A?9A?—1y‘]}'
’L:(jfl)pn‘i’l

In E?’Q, the ith term is F;a,-measurable and has a zero expectation conditionally on F(;_2)a,, -
So if we split the sum over ¢ into two, one taking only even and one only taken odd values of
i, both will be martingale sums. Taking pth moments for p > 2 and using the BDG inequality
and (B.15) or (B.16), we obtain

2 o [/ (G=Dpn+kn p/2
E[|Z /AQW—UAOF]SE( 2, Selatail ]) ]

p A (2wAl)p
knAn i=(j—1)pn+1

o [/ (G—Dpntkn p/2
:WE ( > E?—Q[E?—1[|A?y|2]|A?—1y|2]> ]

L \i=(j—1)pn+1
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(Jfl)pn+kn p/2
c ( ) c
< —— B > ERL[ALy] }> < —-
wAl/2 ? ¢ 2
LT s !

Markov’s inequality with p = 4 implies that for any sequence a,, — 0,

LT/ (2pnAn)] ) on
o 2w —1)A0
Z P(lnj — C(2j— 2)pnAn|/A7(1 0> a,) < YT (A.15)
j:1 nr’n

By (3.22), the last line tends to 0 if a,, — 0 slowly enough. In this case, it follows that

Tim P(|nf — *gj s, ATV < ay for all j=1,..., [T/(2paldn)]) = 1.
This implies (3.7) (with 7] /A (2==DA0 ipstead of n7) provided that ¢, 0(2 %)L /A(Qw_l)/\o is
bounded from above and below, uniformly in w and j. Thanks to (B.15) or (B.16), we have
EP | [|ATy|?] < CAM2¥ which readily gives the upper bound. For the lower bound, observe
that for a general random variable X, we have E[|X|?/?] = E[|X|'/?|X|] < E[|X|]*/2E[|X]|?]'/?
by the Cauchy—Schwarz inequality, which implies

E[|X[*/?)?

HI= TR

(A.16)
We want to apply this to E" {[|ATy]] in E? S [ATYA? yl] = EP L [|A2 y[E" [|[A2y[]. The
denominator satisfies the bound E? | [|ATy[?] < CAM?@. For the numerator, we distinguish
whether w > % orw < % In the first case, Jensen’s inequality applied to the function x — |:1;\3/ 2
for the conditional expectation E[- | Fuo] yields B | [[APy[/?] = B | [E[| APz 4+ APe3/? | Fool] >
EP ,[|Az[>?]. Recalling (B.19), we further have IE:L AR 32203 > B [|APa|3/2)2/3
EP  [|[Ar2”|3/22/3 > ER | [|Ar2!|3/2)2/3 — (K + [, J(2)A(dz))A, by the reverse triangle inequal-
ity. Moreover, combining Doob’s martingale 1nequahty with the BDG inequality, we get

“_1[|A?x’|3/21zcE?_1[ sup o= 2 ya Wﬂ
SE[(i—1)Ap,iAy] "

/(Z ;An 2al8—1—//(Z A (s,2z) +T(s,z)) u(ds,dz))g/j

> CKBAAYA,

> CE

Therefore, if n is sufficiently large, EP |[|Arz[>/?] > CK-3/1AY* and consequently, by (A.16),
E? [|ATy|] > C’A,l/z, where C does not depend on i or w. If w < 3, we instead bound
B A(1A7yl) 2 Y [|ATel] — EL, (A > A%pa, ElAx] - CAT™ — A 2 caf.
So in both cases, it follows that ¢ / A (2—-1)70 > C where C is independent of w and j, which
concludes the proof of (3.7). O

B Proof of Auxiliary Results

Throughout this section, C' denotes a deterministic constant in (0, co), whose value does not de-
pend on any important parameters and may change from line to line. If §y = 0 in Assumption U,
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we write a, = o' (b,) to denote a,/(b,AlL) — 0 for some ¢ > 0 (that can vary from one place to
another); if 6y > 0, a,, = 0'(b,) shall mean the same as a,, = o(b,,). Given random variables X,
and Y, and a deterministic sequence a,, we write X,, =Y, + O(a,) if | X,, — Y,| < Ca,, where
C neither depends on n nor w. If X, and Y,, further depend on indices such as i or j, then C
does not depend on i or j, either. The notations X,, = Y,, + o(a,) and X,, =Y, + o'(a,,) are
used analogously. We also abbreviate f; [pas [ f; and E? = E[- | Fia, ]

B.1 Localization Procedure

By a classical localization argument (see e.g., Chapter 4.4.1 in Jacod and Protter (2012)), there
is no loss of generality to work under strengthened versions of Assumptions H{,, H| and U’,
which are denoted with an “S” in the following.

Assumption SH{. For any compact subset U of R and with the notation 0/0 = 0, the following
holds in addition to Assumption H).

1. We have I’ =T1'? =0 and the processes x, «, ¢, af, o¢, 7°, p, o, o, o’ and

t+— sup sup{5|a@(u/\/5)t|} (B.1)
6€(0,1) ueld

are uniformly bounded by a constant K € (0,00). Moreover, ¢; > K~ and, if w < %,
lpe] > K1 for all t > 0 almost surely.

2. There is a nonnegative measurable function J(z) satisfying J(z) < K and [ J(2)\(dz) <
K such that

sup sup {62+ bGP+ PP TGN I, 2e B (B
wellte|0,00

3. As § — 0, the following sequences all converge to 0:

w(d) = sup {Ellot — as| | Fo] + Ellof — of| | Fs] + Ellof — of| | 7]}, (B.3)
weN,0<s<t,|t—s]|<6

C1(0) = sup sup sup{|0o?(u/V6)e|* + [65% (u/ V) [*}, (B.4)
weN tel0,00) ueU

Co(8) = sup sup supsup{|677(u/V5: 1, )/ /7 (2)}, (B.5)

w€e te[0,00) 2€EE uel

C3(6) = sup sup Supsup{\ﬂ“p(u/\/g;t,z)|/J(z)}. (B.6)
w€eN te[0,00) 2€E ueld

4. Ifwﬁ% or if g = 0, we have

suF2 s[up ){]'y(t, 2P+ [t 2) P+ D, 2) [0 < J(2), z€eFE, (B.7)
well te|0,00

and the constants in (B.3)—(B.6) still converge to 0 after division by 6°.

Assumption SH). The following holds in addition to Assumption H,.5

"The assumptions on a”, 6”, 5, v* and I'* only apply if w < %.

®The assumptions on @, o, 7, ", F' and Go only apply if @ < § + 1 H.

1
2
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1. We have go = Go = 0.7 The functions f and F are bounded and twice differentiable with

uniformly continuous and bounded derivatives and the processes x, a, v, c¥, %, v, w, o%,

¥ and o¥ and w are uniformly bounded by a constant K € (0,00).

2. We have |y(t,2)|* + |T(t,2)| < J(2), and if w < & or if 6y = 0, we have |y(t,z)*~° +
IT(t, 2)|'=¢ < J(2) for allt > 0 and z € E (with € and J as in Assumptions H], and SH)).

3. For any compact subset U of R, we have

sup  sup sup{d|o( (u/Vé)} < . (B.8)
te(0,00) 6€(0,1) ueld

With the same h as in Assumption H, and for allt >0 and § > 0, we have

E([or+s — 0:*]/* < 6"R(8), El|wis — wi|’)/? < 570 h(s), (B.9)
sup B[|6¢(u/ V)15 — dp(u/V5)i*]'/* < 67 h(5), (B.10)
ueY
Ellof,s — ot +[otys — o3 _—
+lofs — ol PP+ [ors — o [P + 181 — 81 1P < h(d).
Assumption SU’. In addition to Assumption U, the following conditions are satisfied:
1. There is K € (0,00) such that n; > K1 for all t > 0.
2. We have
sup Eljn} /AT — i oyp,a,ll = 0/ (1) (B.12)
J=1..,|T/(2pnAn)]
3. We have
sup |45 — nel] = o'(1). (B.13)
>0
4. There are constants 0 < n, < naL < o0 such that
lim ]P’(no < n”/A (2w=DA0 < b for all j =1,. LT/(2pnAn)J) =1. (B.14)
B.2 Preliminary Estimates
Lemma B.1. Let ¢(u); = [5 e(5:2) (eul(s:2) — 1)\(dz) and U C R be a compact set.
1. Under Assumption SH), there is C' € (0,00) such that for all i,
(AT + B (AT + B (A7) es)] < CA,,

B.1
sup AZEL (A7 o(u/v/B)P) < OB (An), EL (707 <onze, (P4
uelU

In the last line, hy is a function that satisfies hi(Ay) = 0'(1).
9We can assume go = 0 because fot go(t — 8)(a¥dWs +T°dW ) fo 5 g0(r — s)(cYdWs + T dW . )dr is just a

drift that can be absorbed into ¥. A similar argument shows that Go only contributes a drift that can be absorbed
into w, if w < %—F%H.
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2. Under Assumption SH), there is C' € (0,00) (possibly depending on H ) such that for all i,

Bl [(Af2)’) < CAn,  Ef4[(A70)*) < CARY, (B.16)
BT [(A7p)%) < CAR™, B [(Ae)] < CATT. |
3. Under both Assumptions SH|, and SH,
p(n) =sup sup sup An|p(u//An)i| = 0'(1),
weN te[0,00) ueU
(B.17)

o(n) = sup sup sup AY[g(u/v/A)| = o'(1)

weN te[0,00) uel

4. Let WU be the characteristic function of Ax1 = x1 — Xxo. Then, for all u,u’ € R,

U (u) ~1] < 3u’E[(Ax1)%],  [9(w) =¥ (u)] < (Ju(u—u)|+5(u—u)*)E[(Ax1)%]. (B.18)

Proof. Writing
z) = / asds + // s, 2)\(dz)d Ty =3 — T, (B.19)

we have EIL (A2 /2 < B y[(A72/P]12 + By [(A7a")P]12. Since o < K and [D(t )] <
J(z), we have E" |[(A'z") ]1/2 (K + fE (dz))A < 2KA,. Similarly, because o2 < C
and |y(t,2)]? < J( ), 1to’s isometry gives EI" [(A" N2 < (C+ [ J(2)A(dz)A, < CA,, show-
ing the bound on A’z in both (B.15) and (B.16). And because p; < K we have E | [(A%¢€)?] <

4K2A%% which is the last inequality in both (B.15) and (B.16). Under Assumption SH), the
processes ¢ and p (if w < %) are [t0 semimartingales with bounded coefficients, so the bounds on
A?c and ATp in (B.15) follow by applying the bound for ATz to « € {c, p}. A similar argument,
combined with (B.1) and (B.4)-(B.6), yields the bound on A%¢(u/v/A,). Under Assump-
tion SH/, the derivative f’ is bounded by some constant C, so the mean-value theorem implies
that E {[(A%¢)?] < C?E? ,[(AM)?] < 2C?E? | [(A"0)? + (AM)?], where T = v — vg — . By
(B.9), we have E | [(A0)?] < A2H(h(A,))? < CAZH | Since 0¥ and & are uniformly bounded
by K and go = 0, It6’s isometry shows that

1Ay
L [(ATD)?) = /0 [9(iln — 5) — g((i = 1)An — 8)]*[(00)* + (59)°]ds
2K2 iAn _ _
< K%,/o (18 — Y72 (i = 1)A, — )T Y2P s
2 1An
- QKIZ A G CE Ve “2ds (B.20)

2K2N2H i H—1/2
- B /O[SH 12 (s - 1) 122g
H
2K2AZH oo H—1/2
< Kz/0 (1712 (5 — 1)T1224s,
H

The last integral is finite (in fact, equal to K% by Theorem 1.3.1 of Mishura (2008)), which
yields the bound on A”c in (B.16). The bound on Al'p in (B.16) follows analogously.
For the third part of the lemma, the dominated convergence theorem shows ¢(n) — 0 because

o(n) < / sup sup sup An|eim(t’z)/m — 1 —duy(t, z)// An|A\(dz)
E

weN te[0,00) ueU
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and the integrand tends to 0 pointwise in z and is bounded by 3 (sup,e;u?)J(2), which is
integrable with respect to A and independent of n. If 6y = 0, we can use the estimate [e"* — 1 —
iz| < C|z|> ¢ and (B.7) to upgrade the previous bound to

p(n) < CAsuplu* [ I\ () = o (1)
ueU E
A similar argument shows ¢(n) = o/(1).
For the last part of the lemma, we deduce the first inequality from the bound |e?%* —1—juz| <
%(uac)2 and the assumption that E[Ax1] = 0. To get the second inequality, we bound

W(u') = U(u)| = B[ (178 —1)]] < B[ (o — w)Axa]| + 50/ — u)’E[(Ax)?].
Since |e™AX1 — 1| < [uAyx;| and Ay is centered, we obtain the desired inequality. O

Next, we recall (A.5) and introduce the notations G; = o(x; : j < i), H' = Fia, V G;
and E;[X] = E[X | H}]. The next lemma gathers estimates for the increments APLY(u) =
T b T K T T 7b T 7b T T K T K
LY (u) = L3 (u), APLP(u) = L7 (u) — L7 (u) and AL (u) = L7 (u) — L7 (u).

Lemma B.2. Grant Assumption SH, and let U C R be a compact set. There are constants
C € (0,00) and, for any p > 2, Cp € (0,00) such that the following holds for any n € N,

J=2,...,[T/2pnAn)], £ € {0,1} and H{ y-measurable random variable U with
values in U:

2j—2)pn—m—1

1. Let [ = jp, — m — 1. Then
Epjapp 15, (O] < Co/RE, Epyj_gp [|A5LY (U] < Cp/ K. (B.21)

2. For some function ha(t) satisfying ha(A,) = 0o'(1), we have

n

Eyoapp [Z57 O] < CAL2, By o AL IPO)P] < CylAnha(An))P2. (B.22)

3. Let O(u); = iu f(f opdr — Lu? fg o2dr + fg o(u)pdr + fg é(u)rdr and

AfO(u) = O(u)ia, — O(u)-1)A,

AO(u)! = tua;n, Ay — %U2U§AnAn + Appe(u)in, + Apod(u)in,,-

Then
Ly (U) = = Y. AOURN(ULAT 1A, (B.23)
™ i=(2j—0—1)pn+1
and

Efyyoaj [|AL L)) = Epy; oy [|ALI(U)2] < Cpaidy. (B.24)

Proof. The identity (B.23) is a simple consequence of the Lévy—Khintchine formula and the
independence of (x;)iez from Fo,. For all other statements, there is no loss of generality to
assume that U = [0,u,] for some u, € (0,00). Let Y"(u); = X "Wt Y (y), = X" Wt
Y (u) = Y™(u): Y™ (u); and

X" () = A"V 20, 4 Ay g(u/ATN?), + X7 (u),1 (>3} (B.25)
X"(u); = Log T (uAP 2+ p,),

X" (u)e = _% 2A(1_2w)+0t2 + An@t(U/AnWAlﬂ) + Xn(“)tl{wggp
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By (B.23), we can decompose

(2j_1)pn +kn

n 71s 1 —n —n
2, (V) =+~ Y 'Wi-na, =Y () —pe-1an)
™ i=(2j—1)pn+1

(ijl)pn‘i’kn (B26)

= Z {Y"(U)(i_nAn(Ym(U)(z_nAn —Y"™(U)(i—p—1)A,)
" i=(2j—1)pn+1

+ (Y O 1)80 = YO po1)8)Y ()i 1, |-
Since p takes the form (3.16) if @ < 2, the mean-value theorem combined with (B.15) yields
i o Y () i—1)a, = Y™ (U)(i—p,—1)a, ] < CpalAs.. (B.27)
By assumption, « is continuous (if 8y = 0, e-Holder continuous) in L2, so by (B.17) and (B.18),

B2 1Y () —1)a, = Y™ (U)p,-1a, "] = o (An) = 0/ (pnldn). (B.28)

Because Y™ and Y are bounded by 1, we obtain (B.24).
For (B.21), note that £ = e/UnAiY —E? | [¢?UnATY] is HP-measurable and E; _,, ,[e
EP . o[elUnBiY] because (Ax;)iez is (m + 1)-dependent and independent of F..,. This shows

that E;_,,_,[¢"] = 0. Upon writing

[ iUnA?y] —

m-+2
L;L]V Z(U) Z ngv 14 Z(U) ngv 14 Z(U) Z g (25—L— 1)pn+2+k(m+2)1{l+k(m+2)<kn}’
i=1 ™ k>0

we realize that ZQJV_Z ;,(U) is a martingale sum for each i, relative to the discrete-time filtration

(Hoj— 0 1)pntith(mi2) * & = —1). Also, ESJ‘LM(U) sums over at most ky/(m + 2) nonzero terms

and [€'| < 2. Therefore, combining the Minkowski and the Burkholder-Davis-Gundy (BDG)

inequalities, we obtain

m+2

B | L5 (O PIVP =By g [|L57Y (@) PIVP < Bl g |15, (U) TP
=1

1/p

m+2—n p/2
< Cpk' > Epyj g [( > Eloj—e—1pmitk(m+2) 1155 —e—1)pn tit h(m12)] ]> ]
i1 ki h(mt2)<kn

< 20,/ (m + 2) [k, (B.29)

which is the first inequality in (B.21). The second one then follows by the triangle inequality.
Next, we decompose

E» l[eiUnA?y zUnA” 1y]
i
_ E?,l [eiU”Az‘,i—lx(elUnA;‘le . eiU"A:‘l,ifle)] + E?,1 [@iU”A?,ifle(eiU”A?‘r o @iU"A:‘l,i—lx)] (BSO)
+ En_ [(eiUHA?a: o eiUnAZi_lx)(eiUnA?e _ eiU"AZi—le)]_

By Lemma B.1 and the Cauchy—Schwarz inequality, the last term is o'(v/A,) and can therefore
be neglected in the proof of (B.22). Similarly,

En_l[eiUnAﬁi_lx(eiUnAzte . eiUnAzi—IE)]

30



= iU E] [ St B (Afle = AT 1) + O(AnL gay + AFT V1 ay)

= iUAP PR [ Al Bl (pin, — pii_1ya, )il + o (VA).
Since (x;)iez is independent of Fo,, we obtain

?fl[eiU"Aziflz(eiU"A?E _ eiUnA?‘ifle)] (B 31)
= iUAFT V2 UUAFT D5 p_pya, B [ A" AT p] 4+ 0/ (v Ay), '

where U(u) = E[e¢®2X1y,] and the o (v/A,)-term is independent of w. If @ > 3, the mean-

value theorem implies |§R\/I\/(UA£LW_1/2)+;)(Z»_1)A”) — RU(0)] < |%%@(ﬁnﬂUAf_l/ﬂp(i_l)An| <
u K| E[x1Ax1] \Affl/ ? for some intermediate value pn and an analogous bound for the imaginary
part. Since U(0) = E[y1] = 0 and we have another factor ATV 4 front of U in (B.31), it
follows that (B.31) is o/(v/A,) if @ > 3. If w < 2, the last line in (B.31) is O(v/A,,) because of
(B.15). Therefore, any additional modification that yields an extra o’(1)-term can be absorbed
into the o/(v/A,)-bin in (B.31). There are two cases: If £ < @ < 2, then the AT Y2 factor in
front of ¥ renders (B.31) an o'(v/A,)-term. If w < &, we note that |a?| < K and I'* =0, so by
Lemma B.3,

y n . n ZA'fL -
A R [ totaw s 2| | < K+ VErha(80)

almost surely, for some h3 that satisfies h3(A,,) = 0/(1). In addition, because W is independent
of W and w(A,), ¢(n), ¢(n) = o'(1), we have

. " Ay N A . i,
n |:e7,UnAi,i—1x/ (deW5+5§dWS):| =E", [ernAi,i_lx/ UgdW5:|
(i=1)An (i~1)A,
iU, AT
= 0, _)a, B[ T ATV] 4+ O(VARw(A))
= Ua_l)An61Una<171)AnAnJrAnSO(Un)JFAnqs(Un)E?,l[elU"U“*l)AnA?WA?W] + 0/(\/A7n)
_ 1212w 2

e _i_le 2U An U(i*l)An UU(Z—l)AnU(pZ_l)AnAql‘L_w + Ol(@)’

where the last step follows from the fact that U, = U/AZ when @ < 1 and E[e™XX] =

. 2
i~1LE[e™X]. Since the last line above is o/(v/A,) except when @ = %, we have shown that

E?—l [eiUnAﬁi,lz(eiUnA?e _ eiUnAEfi,le)]

_lp2.2 ~
= _U?% sU (1_1)A"\Ij(Up(ifl)An)U(ifl)AnU@_UAnV A”]‘{w:%} —I—O/(«/An)‘

We pause here and move to the second term on the right-hand side of (B.30), that is,

(B.32)

VAL (AT AT )] = WU AT piyya, B (AT — VA7)

Writing A(u); = iu fg ordW, + fg fE(ei“(V(r’z)*'F(”’Z)) —1)(p —v)(dr,dz) and using It6’s formula
(see Theorem 1.4.57 in Jacod and Shiryaev (2003)), one can verify that for any fixed u and
s, the process Z(u,s); = e@—2s)=(0w):i=6(u)s) gatisfies the stochastic differential equation
dZ(u,s); = Z(u, s)—dA(u); with Z(u,s)s = 1. In particular, since A(u) is a martingale, so is
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Z(u,s). Combining this with the Lévy-Khintchine formula and using the notation Z!*(u); =
Z(u, (i — 1)Ay)¢, we obtain

Bp [ 047 — (U] = B o200 (0, ), ] - OO
= B, [(e27OUn) — AW 20T, )in, (B.33)
_ eAG(U”)?—lE?_l[(eA;Le(U”)_Ae(U")?—l . 1)ZZn<Un)zAn]

As a consequence of our assumptions on «, 02, v and I' and the elementary inequalities |U,| <
Uy /Dy, € — 1| < |z| and |e” — 1 — iz| < 2%, we have

IATO(U)| V [ABW ) 1| < uu/AnK + u2K+ S /J(z))\(dz)+|U|\/An/Jz>\dz
E
< 2K (us + %uz)

Denote the last line by M. Then |¢2®Un)i-1] < eM and |Z2(Uy)in, | = e "A7OWn) < M which
implies

Pyl Al — i Bin®] — AR | [(ATO(Un) — AO(Un)1) Z] (Un)ia,]
MEL L [|ATO(U,) — AO(U)} 4.

(B.34)

1
<3

Defining

) 1 ) iAp s ) 1 ) iAp s L
&gt = —2Un/ / ordW,ds, &' = —2Un/ / o.dW,ds, (B.35)
(i-D)AR J(i—1) A, (i-D)A, J(i—1) A,

and recalling ¢(n) from (B.17), we have

iAn
LIATOU,) — MO, — &1 — &3] < F i1l — agi1ya, llds
+2v/Ang(n) + A, sup E 1 [lo(Un)s — (P(Un)(i—l)AnH (B.36)

sE[(1—1)An,iAy]

1 2 i n c 1 2
+ —uf E? ([|as|]dr + zuiE sup
2 7 Ji-1)An 2 s€[(i=1)Ap,iAn]

/ /(;)Anv () = ) ()|

The first term on the right-hand side is bounded by u.v/A,w(A,,), where w(A,) = o'(1). For
the second term, note that ¢(n) = o/(1) by (B.17). The third term is bounded by

s€[0,00

sup (An Pallaf (Un)sl] + AYPEL [0 (Un)? + 0% (Un)2]"?
)

1/2
Y2 sup(BP 4 [47 (U 5, 2)2)/7(2)) 2 ( / J(z)A(dz>)

+ A2 sup|I¥(Uy; s, 2) [ J (2 |/ )

zeE

< KA, +VCil(ADA, + VECy(AR)A, + KC3(A,)A,

due to (B.1), (B.4), (B.5) and (B.6). Thanks to the bound |af| < K and Lemma B.3, the last
two terms in (B.36) are bounded by CA,, and Cv/A,hs(A,), respectively. Altogether, we have
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shown that the right-hand side of (B.36) is o'(v/A,,). In a similar fashion, one can further show
that the right-hand side of (B.34) is O(A,,), which implies

E? [ iUnA7; ( iUn Al zUnA“ 1 )]

= U(Un AT pi—1ya, e OB (61 + & 2 (Un)in,] + 0/ (VAn)
= U(UnAZ pi-ya, e O U EE (€0 20 (Un)ia, ] + 0/ (VAL),

almost surely. The last step holds because Z!'(U,); is a martingale driven by W and p — v

(without any component driven by W), so Z(U,); and &) " are uncorrelated conditionally on
Fli—1)A,- Since o€ satisfies (B.3), we further have

6 20 (Un)in,]

U2
—_n (l 1)An i 1[/ / dWsdsZ(Uy,); n} +0 (VA
(i—1)Ap J(i—-1)A,

U2 » . iAp iAp .
= ot a B [ / (i — 1)AW, Z (Un)r_dA(Un)r] e
(i-1)An, (i-1)An,
U3 Ay iAn,
=N O-Ei—l)A ?_1 |:/ (ZAn — T)dWT ZZn(Un)rUrdWr:| + O/( \/ An)
2 " (i-1)A, (i-1)A,

U3 . e n om
=~ 5 T-1)AT(-1)A, /( A, (iAn = 1)EL L [Z] (Un)s]dr + 0 (v An)

1
_ZZ’U3A£L3/2—3W)+U( DA, O’ (1A, /A, + O /A

Recalling (B.30) and (B.32), we arrive at

En—l[ iU ATy iUnA?’i_ly]

U a?
= —U2 (i—-1)An [y (Up(i—l)An)O—(i—l)Anaéfl)AnV Anl{w:%} (B38)

U3 _1p2,2 o
_Te U (i—-1)An \I’(UA 1/2/)(71) )U(Z DA, UZ DA, \/ 1{w> }+0(\/A ),

where the o'-term does not depend on ¢ or w. This yields the first estimate in (B.22).
To prove the second estimate, denote the right-hand side of (B.38) (without the o'-term)

by A7 and note that Agjib( ) = S (AR — AP ) + o (V) by what we have

shown so far. If @ > 2, (B.18) 1mphes that [W(UA, 1/2,0(Z )A,) — (UAw_l/Qp(z =)A<
CAZZ1 = ¢/(\/A,). Because o, 0¢ and, if @ < 3, p and o” are continuous (if 6y = 0, at least
e-Holder continuous) in LP and both ¥ and ¥ are dlfferentlable (as x has moments of all orders),
it follows that Ef, 2]m[\A" n\p]l/p = o'(v/A,,), proving the second estimate in (B.22). [

Lemma B.3. Let X; = ffo vX(s,2)(n — v)(ds,dz), where X is a predictable function and
satisfies |y~ (s, z)|2_'51{90*0} < J(z) for all s > 0, z € E and some measurable nonnegative

function J(z) with [ J(2)A(dz) < co. Then, for any p € [1,2),
1/p
E| sup [Xi—X,| < VAuhs(A
te(s,s+An)

where hz does not depend on ¥~ or s and satisfies h3(A,) = o'(1).
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Proof. Let g =1if 63 > 0 and ¢ = % if g = 0. There is no loss of generality to assume that
gp/2 < 1. By the BDG inequality,

Bl s x—xop] <cr( [T 0o dn)
tels,s+Ax] (i—1)An
Rl )]
K// s, T U@ A p(ds dz)>p/2]}

SC{Aﬁm </E J(z)ql{J(Z)SAn})\(dz) + A, / qp/ 1i¢)>An })\(dz)}

For the last step, we applied Jensen’s inequality to the first expectation and the bound (a +
b)P/2 < aP/? 4 bP/2 to the second. Concerning the first term, note that J(z)? < AL J(z) if
J(z) < Ay,. Moreover, since J is integrable, h31(t) = [ J(2)1{y(:)<iA(dz) satisfies h3i(t) — 0
as t — 0. Concerning the second term, we use Holder s inequality to bound

qp/2
Ai_q”/Q/EJ(Z)qp/21{J(z)>An}/\(dZ) < </E J(Z)A(d2)> (ApA(J(2) > A,)) %72,

Again, because J is integrable and t1y;;)>¢ < t(J(2)/t) = J(z), the dominated convergence
theorem implies that hgza(t) = tA(J(z) > t) satlsﬁes hsa(t) — 0 as t — 0. Thus, the lemma is
proved by choosing hs(t) = CY/Ptla=1)/2| \/hgl Y+ Cl/p( fE Md2))¥?(hsa(t ))1/p 9/2], O

The moment estimates derived in the Lemma B.2 translate into pathwise bounds for the
variance and bias terms L7 (u) and L?’b(u) that hold with high probability.

Lemma B.4. Under Assumptions SH| and SU, if we are given a compact set U, we have
P(Qy,) — 1, where Q,, = Qg) N Qg) and

ol {|L"V @) v |ZeP @) < AY? for all £ € 0,1} and j = 1,. LT/(2pnAn)j},
O = {0u/\/nf <T@ < 0u/\friy for allj=1,....|T/(pudd)] }.

In particular, there are deterministic constants C1,Cy € (0,00) such that for sufficiently large
n, we have the following bounds on Q, for all j=1,...,|T/(2p,An)]:

Cr < Ly @), | Ly @)1, L5 @), | L5;% (@) < Co, (B.39)
C16;, <10g|Lns(~n)’ ' log\sz ()|~ < Ol
Proof. Note that ]P’(Q( )) — 1 by (B.14). On Qg), we have u} < 0/1/ny , where 6 = sup,,cy On.

Therefore, by Lemma B.2 (note that u u is ”H[ -measurable) and Markov’s inequality,

2§—2]m”

\_T/(anAn)J
> P(|LZ;V_e<ﬁ?>\ VLYY, @)| > AY® for € € {0, 1}) < OO T/ (200 )y,
j=1
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which implies P((Qg))c N Q%Q)) — 0 by (3.22). This yields the first statement of the lemma. For
the first set of bounds in (B.39), observe from (B.17) that

R(AB(@) /AT ) < 5(@))°K + ¢(n) + d(n) < CFK
IS(A0 (@) /AT < Kufv/An + o(n) + ¢(n) = o(1)

an wAN ~n wAL/2\p
for large n. This implies that e /An Y — RAO@ /AT o %(A@(NH/ASM/Z))

an wAl/ n wAN n
and ’\SeA@( /A Al 2)1 1‘ %(A@( /A 1/2) 1)‘Sln\S(A®( n/Aw/\l/Q)z 1)‘ Satley

O < RAOT/ATNL <1 (9RO /AT < KOy /Ag + () + 6(n)

N[

if n is large. Moreover, |ﬂ;7’A$lw_1/2)+p(i,1)An\ < KA,(Iw_l/Q)*H /\/ng — 0 on lez), which
implies W(H;?Aglw_lﬂ)*p(i_lmn) — 1. By (B.23), this gives te ~G3K < \Lns( )| < 1, which in
turn shows %6_022}( < |E’2‘](ﬂ;‘)| < 1 on Q,. The bounds for ]LQJ_l( uf)| and ]LQJ 1(@})| can
be derived in the same way. For the second set of inequalities in (B.39), note that ngs( uy) =
2j—0=)pn-tn (2j—=Dpn+kn yrn(n -

b e Y (@) enya = ki e e Y (@) -1ya, + O(VA) by (B.25).
Since X" ( -1 A, :—%(ﬁ?) Cli—1)An 1{w> }—l—Log\I/(u Pli—1)A )l{w< }—1—0(92) we can use
(B.18) to derive the bounds % (62 /n¢ )[K 11{w> yHET 2E[(Ax1)? ]1{w< }] < [X"™(U)-1a,l <
(93/775)[[(*11{1?2%} + K*QE[(AM)Q]l{wSa}] This completes the proof of (B.39). O

B.3 Proof of Technical Results in Section A

Proof of Lemma A.1. Expanding the product, we can decompose V" — V™ into the sum of
four differences, all of which can be treated similarly. Therefore, we only detail the proof that

ym _ym L, 0, where

\/EZA AQ] QC(] 1)

JE€EIn

Z {Agj 2Lv(un )}QR{ Ag]fjv(ﬂ?)} (B.40)
\/|\7n L7 1 (uj_q)) L£(L3 (u})) ‘
To this end, we further introduce
\/‘Tnjez; A AQ] 2C( j 1) (B41)
where A%¢(u) = (u) —¢}_;(u) and
_ L (w) + L)"(u)
¢ (u) = log log| L™ ()|~ 4+ R{ = 2
1 j’u~l—j’u _1 ]’u+Ju
- 2%{ L2 (u) (L) (w)) 2<§R{ L(L7*(u)) }>
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Recalling the set €, from Lemma B.4, we decompose V' =V + BT + B 4 BY, where

By ﬁ > B ()AL oS (@ )10,

JE€ETn

By = Z A AQ] oc(u] Uj— 1) — Azg oc(uy Uj— 1)1,

Vv |‘7” JE€ETIn

and BY = (V'™ — Vm)]_Q%. By Lemma B.4, we have BY — 0 in probability. For the other
two terms, we may assume that we are on the set ,. In fact, we will tacitly do so for the
remainder of this section and write E[X1g,] for E[X]. Also, we will often use the fact that

o/(1)/64 = 0 by (3.22). On Q, we have |S(Ly=,(@))| > C82 and |L5Y (@ )\\/|L2] [@)] <

1/9 n,v ~n
AY? for all £ € {0,1} and j = ST/ (2pnAr)]. So if n is large, we have |(L2j_£(uj) +
ngb [(u3))/ E(LSJS ()] < 3 Upon reahzmg that ¢} (u) is a second-order expansion of ¢! (u) =

log log|L;”( u)|7t = log?RLog L;‘( u)~! around Lj *(u ), we can use Lemma B.2 to derive
Ly (@) + Ly:” (ap) 3”]

S(Ly2,(an)) (B.43)
< Ok 3PI% 4 A3PI2) 65 < Ok %P/2 16%P.

=N

Eigj—opm

Epyj oy [0 (@) — @ _o(@)P] < C

Similarly, for large enough n and because p,A,, < 1/k, by (3.22), we have

. . . AL L(u? 2 -
- 057D < B ( — 0'1‘;( ( jlw) | < ox 01
.7

Analogously, EF?J'Q]W [|A’2‘]E(ﬂ;‘)|2] < Ck; /0%, Hence, by the Cauchy—Schwarz inequality, we

have E[|BP[] V E[|BY|] < C X knv/puln % 1/(pnAn) x kn /2762 x kn®? /65 < C/\/k3A,00,
which converges to 0 by (3.22).

Next, we want to replace Agjf(ﬁ?) by a simpler expression Agjf(ﬂ;‘)s (s for “simplified”), to

be determined in several steps in the following, and accordingly replace v by

Vs Z A 7)sA;_ot(Uf_y)s, (B.44)
\/\Jn = -2
Clearly,
—/n =—/n kn n ~n
V=V = |j|2[( 2j( i) = A2]( ))A232C(gl)

+ AZ;e(uy)s(AZ; _ge(uj_q) — Ay _oc(uf_q)s) |,

n “(n : n (= n .
where Ay oc(uj_;) is and AZ;_yc(uj_;)s will be chosen as H: 1, -Ieasurable. Since

2j—-3)p
Epyj o [[A5E@))) = Ok /*/62) and (2] — 3)pn + kn < [24 — 227 by (3.22), we only have
to make sure Ac(u})s is chosen such that IE[QJ g [[AGe(u})s|] < Cky 1/2/192 on the one hand
and E[QJ 2m [|A2] c(uj) — Ag;e(u})s|]] = o(VA 202) on the other hand. Then the last display will

U;
converge to 0in L'.
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To get the first version of ASJ ¢(u})s, we expand the increment AZ;t(u?) using (B.42) and
omit all terms that are o(v/A,02). Simplifying terms, we arrive at A pic(ul)s = A%E(ﬂ?)é +

AgE(im)l — Age(anil — AgE@nly — AyEa)Y, where

Ale(u)g = %{W}, ATe(u)ll = %{W}’

(L7 (u)) L(L7 (u)
A?E(u)ill _ %{ (L;i;(su))Q - %51(“))2 }’ A?E(u)gv _ %{ A?Li(nus)L?V(u) }7
2LjL1(u)£(Lj7—1<u)) (£( ji1(u)))2

s =3[ fan) - ()]

We investigate the contribution of Agjf(ﬂ?)g Our goal is to show that

DY = AY_oc(ul_1)sAY (N”)
1 \/’771]; 252 ] 1 2]

is negligible. To this end, it suffices to show that

1 \/‘Tn Z A2] 2c S (2]—2)17 [ 2jc(a‘?)£]

JETIn

vanishes asymptotically. Indeed, since A%, 5c(uj_;)s is H: -measurable, the jth term that

2j—2)pn,

appears in the difference D} — D{L will be Hj;, -measurable with a zero ’H( -conditional

B 2j—2)pn N
expectation. Therefore, D' — D7 is a martingale sum and consequently, we have E[| D} — D7|?] =
O(K2p, A x 1/(ppAy) x k‘_l/94 X Pl /0F) = (k‘%An/@fl) = o(1) by (3.22). Next, consider
the term IE(2] 2)pn [ A5 €(U] Ml = Bl o), [Ac(u ”) ]. Recalling (B.25), we can use (B.17) and
(B.18) to show that

LY@, = O(VB). (B.45)

. . . . —n 7 ~
Moreover, Y™ is 1-Holder continuous in squared mean, so we have E(Qj_Q)p7L[|Lg}il(u?) -

Y™ (U} ) (2j-2)pnan 2] < CpnA,. Therefore, instead of 5?, it is enough to consider

Dy Z Ay _ge(uj_y) %{E&J 2)pn [AgjLs(ﬂn)]}.
\/IJn = - L™ (Uf)(2j-2)pncrn)

Note that X™(u) from (B.25) is an It6 semimartingale with bounded coefficients (uniformly in
sufficiently small u such that ¥(uK) > 3). Thus, by (B.26), (B.28) and a first-order expansion,

Elaj oy, [82; L (4)]
(2j71)pn +kn

Yn(ﬂn) 2j—=2)pnn n ni~m ni~n
= ! (ki r Z E(Qj—Q)pn[(X (uj)(i—l)An - X (uj)(i—pn—l)An)] +Op(pnAn)
i:(Qj—l)pn+1

= Op(pnAn)y

where Oy (p, Ay ) signifies a term whose F(2;_2)p, a,,-conditional L'-norm is O(p,A,) = o' (VA,),
uniformly in w. This shows that lfj’f is negligible.
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We proceed to Ay, ot(uf_ L and consider

AL zfs(ﬂn_l) -
\Iﬁ > { = J } B E(@l)s. (B.46)
nl JE€ETn
Revisiting the proof of (B.24), one can actually show that Ep 2]m[|A§lJLS( M2 < OppA,62.1°
Since E[|AY;c(u} WRIY2 < C\/pnBn/(knb2) < CVA, /62, 1ts contribution to (B.46) is a term
whose L'-norm is O(k,v/prnln X 1/(pnln) X v/ prln x VAL /02) = O(\/k2A,,/08), which is neg-

ligible by (3.22). Since Aj;c(uf )L can be omitted as we have shown, we can replace Aje(uf)s in
(B.46) by Ay;c(u] Il 4 Aje(u] ™I As above, because Y"(u) is an Itd semimartingale with
bounded coefﬁments (for w sufﬁmently small) and 1 — Y"(u?)_1)a, = O(VAy), we have

Eq[lzk—mngLgks ) — Yn(ﬂ@[zka]mAn\Q]lm < CVpnlAy for £ € {0,1} and k € {j — 1,j}. Asa
consequence, instead of (B.46), it is sufficient to further analyze

Agj 2LS( s )
\/ |\7n Z { j 1)[2] —4]m )}
y (8% { A%LV@;?) (Lg" 3 (@))* — (L3 (a)? )}

(B.47)

LY™W} ) gj-2ma,)  2Y"™(U])j—gma, SV (U])2j—gm

* % K%{ E(Y"é;;;;f?l}mAn) }> - (%{ S(Ynl(/%/)g;zmﬁn) }> 2] ) .

Since E&jﬂ]ﬁ A, [Agjiva)} = 0, a martingale argument (along the lines of the analysis of DT)
reduces (B.47) to

A;z 2L5< ") Elyj o (L5774 (@1)? — (L3 (@)
\/|jn gj: { Uj_y) (24 }mAn)}GR{?Y”( Dizj—2ma, LY (?)[Qj—QWAn)}

Ly @)

+ %EF?J'—Q]’# K%{ LY (u? 7‘)[:”2]77% ) }>2 N <§R{ E(Y"I(J%V)l[z(;awm) }>2] ) - B4

Now, recall the notation u,, = u/Af/\l/2

and observe that for ¢ € {0, 1},

(2§ —0—1)pn+kn . o o )
E[2J 2]’"[( 2j— z(~n))2] =2 Z Epj_gm [(61(“1')"%1/ — E?_l[e%(uj JnAf ) }
" i=(2j—0—1)pn+1 (B.49)
2 i (A} )n A no i@l ) AT (W) AT n AR AT
+2 > Epjgp [(6 . R e M I G I Bt y])}y

o<

where the second sum is taken over all (2j — ¢ —1)p, +1 <4 <i < (2§ — ¢ —1)p, + ky. The
covariance term in (B.49) is zero whenever |i — /| > m + 2. Recalling the definition of Z(u, s);
from the proof of Lemma B.2, we want to replace e’ (% )n21% = 27 O(@)n )Z”(( U )n)in, € a7 Ate

everywhere in (B.49) by {;” — AOEING; o B ZP (U )n)ia, ez(“ Inds ,[2372%6, and similarly for

10This is because we can improve the right-hand side of (B.27) to Cp,An02 if U = ay.
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the terms indexed by i'. As

=n nO((TA")n ] my n(~n i(Ul)nAle|2
E[%—M[}@Al O — AU osaim) 20 () )i T 2 } < Cpnin, (B.50)
Byyoapp [0 i Z0(@) )i, (6T — B N ] < Opot
with some C that is uniform in w and j,'" we have
B 1 (2j—0—1)pn+kn ~ )
By (T3 @ = Y Epay | —ELE)’]
" i=(2j—4—1)pp+1 (B.51)
= S By [~ ELET) @~ ELED)] + OBk,
i<
Since E?_l[gjm] = PO app W(ﬂ?A%m71/2)+p[2j—2]gAn)’ we have
2A0((u? )i m 27 ’LL n m€ Mn((~n
Epyjap (€ —EI [ = 00D b By, [ M- (22 ()i, — 1)7]
200((W™)p) . =T WU AT . m€ ~n A (co—
+ 2O g E[2j—2]:g[(€( Al U (u 'Av(l 1/2)+P[2j—2]glAn))2] (B.52)
+ ATy Ty [ A2 (Z2(@) )i, — 1)
x (€0 St — WG AFYD g g, )]

Recall that Z(u, s); = et —2s)=(O(u)i=O(u)s) i5 4 martingale. By taking conditional expectation
. . =n ~

with respect to Fg; gjma,, VGoo and using Ejy; o [Z] (0] )n)ia,, ] = Bl 2]m[Z”(( U )n)in,] = 1,

one can show that the third term is zero, while the first one on the right-hand side of (B.52) is

equal to 2RO ) oy W(Qa?Ang_l/2)+p[2j_2}WAn) times

E[z] oy (23 ((f )n) = 1) =By g [(Z7 (@ )n)ia,)* +1 = 227 ((@)n)ia,]
[2] ) ;rln[62 nAlz— 2An®((un)n)] +1-— 2E[2] Q]W[Zn((a?)n)zAn]
—2A0((u] T )y Az
= ¢ 220Dy Ef; gjmle PEALE — 1 4+ O(v/pnln) (B.53)

= O AT 202 ia,] — 1+ O(VpuEan)
A )0y 2O _ 1 1 O(+/pnAn),

where the O-term is uniform in w and j. Note that the last line (apart from the O(v/p,Anp)-
term) is independent of ¢ (and hence, of £), and so is the second term on the right-hand side of
(B.52) since y is a stationary sequence. A similar argument shows that the same is true for the
nondiagonal terms in (B.49), which means that

swp osup By g (D5 @) - (L5 @) = 0Lk, (B54)

WER j=2,...,|T/(2pnAr)]

A similar argument proves that

Epj-ajp K%{Q(Y"(Egj’;[(j?)z]mA ) }>2 - (%{ Q(YnL(%;);(;ZWA") }>2]

HIf o < %, the second bound follows from the assumption that p is an It6 semimartingale with bounded
coefficients. If @ > 3, we use the fact that u, A} = NG o(vpnlr) by (3.22).

sup sup
we j=2,..,|T/(2pnAn)]
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= O(V/An/kn/0)). (B.55)

Therefore, the L'-norm of (B.48) is O(y/knA,/08), which shows that Ay _ge(uj_ DL has no
asymptotic contribution. In other words, we have E[[V " V "] = 0 where V. is given by
(B 44) and Agj ( n)5 - Agj ( ) Agj ( )HI Ag] ( )IV Agj ( TL)V.

Our next goal is to show that Ajje(u] )IV and Aj; (~§Ll)lv can also be omitted, that is,

2j— ol )ASJ QLS( j-1) n <yl 111 \Y%
WXJ) { EEICAE }( 305+ AT + ALY

n S
Z AZ;_qe(uj_y %{LQJ < n)SAZiL( )}
\/ |~7n Je€Tn (S(sz_l(U?)))2
is asymptotically negligible. By Lemma B.2, one can readily see that A5,c(u] LT Ay e(u] my
do not contribute in the limit as n — oco. Furthermore, similarly to how we obtalned (B 47),
we can replace L ,(@}) (for £ € {0,1} and k € {j — 1,5}) by Y™ (U}) k-2 A, - A martingale
argument further allows us to take E&j%]ﬁ['] inside the sum over j, which also eliminates

By (L5 (@) A3, L @)
my; Ay _ot(u)_, gce{ (LY (@) j-gma,)? }

remains to be studied further. Here, we only need to keep the dominating part of A5, oc(uj_;)s
(all higher-order terms only have negligible contributions). Thus, we need to analyze

= L (@) By (L5 (@) A3, (@)
\/ITng; { 1) [2j—app )}%{ (@) pj—apman,)? } (B.56)

We decompose A?Ls(u) = A’;Ei (u) + A?i%(u) + A?f%(u), where

Agjf(ﬂ’j)g. Hence, only

(G—1D)pn+kn
A;‘E?(u) =7 Z eAne(un)i—1)a {efgu 7C(i—1) Ay AnT(Log ¥ (un AT p(i—1)A, )1 {w<3/4)

" i=(j-1)pn+1
—e —2ulepn—1)an Ant(Log U(un AT p; pn—l)An))l{w<d/4}}
(G=1)pn-+kn
A?E%(u) = — Z e~ 3UnC(impn—1)An Ant(LOg U (un AT p(i—p, —1)8,)) L {w<s/a}
" i=(j—1)pn+1
> (eﬁntp(un)(i—lmn _ eﬁnw(Un)(i_pn_nAn)’

APLS(u) = ATL(u) — ATLS (u) — APL5(u).

Since A”zs( ) contains the contributions of drift, finite variation jumps and noise (if @ > 3),
we have Efy, 5 [|A3]LS( ”)|2}1/2 = O(v/A,) by (B.18). By (B.15), we further have the bound
Ef; - 2)anA§]LS( uy)l 212 = o/ (\/pnAy). Therefore, in (B.56), it suffices to keep Ay L7 (u}) in-
stead of A%, LS( uy). Writing L™ (u; ¢, p) = e —gunlnet(Log (unATp)lim<s/1) and using oy, (vPnln)

to denote a term whose Ef,, 2)pn[( )2]'/2-norm is o' (v/pny), we can expand
5 L3 (a))

40



(2j71)pn+kn
" 2 <£ (055 Ci=n)an: Pa=1)A) = ﬁn(a?;C(i_pn—l)Armp(i—pn—l)An)) + 0}, (V/pnAAn)
" i=(2j-1)pn+1
R B
2 </( L (WF; cs, ps) (05dWs + T5AW )

" i=(2j—1)pa+1 7 (PR DAR

(i—1)An N
+ / G LW e, ps) (0EdWs + GLAW)
(i—pn—1)A,

+//((l o (L5 o+ 755, 2), pom +17(5,2)) = L5 o pio- ))(“_V)(ds’dz))

i—pn—1)Ay

+ 0, (vV/PnAn),

where the second step follows from Itd’s formula and putting all drift terms into the o o (VDnAn)-

bin. At the same time, because A~ 12 _ o' (Vpnly) by (3.22) for all @ > 2 and ¢, Ayp(uy,)
and p (if @ < 3) are It6 semimartingales with bounded coefficients, we have

@7 )nAy eA?@((ﬁ?)n)H(ﬂ?)nﬁ?EZﬂ((g}l)n)mn

= eAg((a?)n)&j*%?’n+i(ﬁ?)n #(27=2)pn Zn(( n)n)zA +o (\/ pnAn)7
where AO(u)! = —3ucin, Ap + Anp(u)ia, . Hence,

~ (2)=1)pn-+hn
i:(2j_1)pn+1

SOy (N s W (@7)0 AT piaj apgpan)) | + 0 (VPan).

By conditioning on Foo V Gj_gpm, it is easy to see that the second part does not contribute to

=n TV (VAR IS (G iy n((an) iAn
Epoj_opm [Lo; (0})AL; L7 (u})]. By definition, ZI'((4})n)ia, —1 = f(l DA, U} )n)sdA((W] )n)s,
where A(u); = iu fo o dW, + ff w(y(r2)+0(rz2)) _ 1)( v)(dr,dz), so a stralghtforward com-

putation shows that up to an of,(v/pnAy)-error, IE[ZJ Q]m[LgJV( )ASJLS( u})] is equal to

e A© ~n w
w2 E D€ (@n )t aipe V(] )nAy prj—2man,)
™ i=(2j—1)pn+1

1A
X </(‘_1)A i(W5 By _gpm [Z”((ﬁ?)n)sas(aaﬁ (U}; cs, ps)os + 6£”(u],cs,ps) )}ds

1Ap e
" //( Ep, Q]m[«~>Z?<<ﬁ?>n>s<ez<“j>n<7<”>+r<57z”—1>}A<dz>ds), (B.57)

i—1)A
where pl' are integers satisfying 0 < pI* < p,, and (---) stands for the integrand of the (p — v)-
integral in the expansion of Agjzﬁ(ﬂ?) above. After a moment of thought, one realizes that
|(+-+)] < CJ(z), where C does not depend on n, w, i or j. Since |Z]'((d])n)s| < C (as we have
shown right below (B.33)), it follows by dominated convergence that the \(dz)ds-integral in the
display above is o/ (vA,). Since the ds-integral in (B.57) is of order AL~ /2 we only need to
further consider the case where w > % Then the ds-integral is of size O(m), which implies
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that we are free to make any additional modification of order o/(1). Because of the L?-continuity
n

properties of o and ¢, and of p and o if w < 2, and because Efy—om [Z7((u})n)s]) = 1, it suffices
to consider

gj 2Lv( ;L 1) ﬁ"
\/’771]; %{ j 1)[2] }mAn) }%{ (S(Y”( )[2] Q]MA,L))Z } (B58)

instead of (B5()), where ,Bn = ia?\/AnO'[Qj 4|m A, (%ﬁn(,ﬁn [2,7 4]’”An=p[2j 4mA, ) fQJ 4mA, +

aﬁ (UF; Cclaj—apm A, Pl2j— 4]mA Yo fJQj—4}:L"An)‘ In fact, we can further replace Y"(u})2j_gma,
B.58) first by exp(—=(u")%cigi_gima Asll 2e)+ u”A%m 1/2)+ proi_oima, ) and then, in a

2 ] [ J }n n J [ J ]n n
second step, by exp(—1(@?)2¢r9i_gima Agﬁw)* v ﬂnA%wfl/QH 9i_aimA. ). Thanks to (B.12
2 \Uj) Cl2j—4]mAn j Pl2j—alpAn
and (B.13), we can also substitute 17;-‘_1 for 17? in the last expression and in the definition of
B;. After all these modifications, the jth term in (B.58) will have a zero HFQ]._ 4]m—conditional

expectation, so a martingale argument shows that (B.58) is asymptotically negligible. Hence, in
(B.44), we can choose Ag;t(uf)s = Aj;c(u] Il — Aj;e(u] I Agj c(u ”)V

The next reduction is to remove A 2ec( i ) I—{—A2] gec (U] )Y (¢ € {0,1}), for which we
have to show that

AR LY () }

A c . YA S A
\/\Jn E; o (L5, (@)
Z AZ] 2c j 1 (Ag] ( )IH + A ( );/)

\/‘jn je7.

is asymptotically negligible. As before, we can replace L% ) by Y™M(UR)jpp—gpma,, (k€ {j—
1,7}, £ € {0,1}). By a martingale argument, we can further take conditional expectation with
respect to 7—[[’; j—o]m which eliminates the first part of the sum above, while it renders the second

part negligible by (B.54) and (B.55). This shows that we can choose Ay.e(u})s = Aye(u] Ml
Lastly, we want to show that we can replace VS as defined in (B.44) (with Aye(u ")S =
Ajie(u )H) by V' from (B.40), which will conclude the proof. We proceed in three steps by

decomposmg VS — V" = Dy +D§+ D}, where (recall the definition of L7 (u) from the statement
of the lemma)

n ASJ o LY (u]_y) AL LY (u})
De= s J\Tnjezj: { Y () 1)[21‘—4}%”)}%{ﬂyn(ﬂ?)m—mmn)}’
o 5 { Ry }%{ AGL@)  ALLYG )}
\/\Tngej Y (an Ul g)pj—ama,) S(W(a}’)m—z]mm) (L7 () |
. {A%LV( ">}gce { Ay LY@ AL LY n}

)EI‘FA% oe(u]_ 1)V)3%{

i = m 2" ") -

S(W(Njil)[gj_zl]m ) £(£j71(~j71))
and Y (u); was defined right before (B.25). Since D} is a martingale sum and [Y" (& D Ri—2m A, —
L3 (u})| = o'(1) by (B.17) and (B.45), we readily obtain E[|D%|?] = 0. The same argument shows
that IE[|D4| | = 0. Regarding DY, we use the expansion 1/£(z) = 1/£(z0) — ((z — 20) log|zo| +
2R{(2 — 20)/20})/(£(20))? + O]z — 20*/ (|1£(2)] A |€(20)])?) to bound

—n 1 1
Bpj—gjm [

2@%:@?)) V" (@) 2j-2jma,)
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2j—2)pn+kn
log|Y™" (U})2j—2mma, | @ =2pnt

(&Y (W) 2j—2ma,))?kn i=(2j—2)pn+1

N
<]

HCATEINES QCHIIPRING

N 1 (Qj_%?jLJrk" §R{?n( P i-1)An Yn(ﬂ?)[zjzmAn}' _ Oy
Gl TN L SV (@)j-2pa0) -0

AsY " (W) gj—ggma, = L@ +0/ (1) and Y™ (@) -1y, — Y (@) pj—2man = U8 +0' (vVpnlBn),

where
Ui = L LN Cmapm A Pl2j—2 A ) (Cl—1) A — Cl2j—2)m An)
a%ﬁn( ;L, [2j—2]mAnaP[2j—2}mAn)(ﬂ(z’—1)An - P[2j—2]mAn)a
the previous bound implies that instead of D, it suffices to study

n oL () ALY () log|p(am)| 2otk
e \/‘T”Jej { ;L]S 5 (U] ))}(9%{ (L(L} (@) ?kn _ Z Vi

J= (2§—2)pn+1

Agij(ﬂ?) i (2§—=2)pnt+kn w;},,j
“R{ s(cy@y))}kn 2 %{):(ﬁ?(ay))} ’

i=(2j~2)pn+1

D 2] QLV( )10g|ﬁ ( Uj— 1)| (9= Qpncthn n,j—1
b = \/\Tn Z( { (‘C?—I(N?—l)))an Z Vi }

JE€ETn i=(2j—4)pn+1

VE R Fl - B |
2(/:?71(”?71)) k‘n4 ; 2(/:7]'11(”?71)) £(Y (a?)[Qj—z]ﬁAn)

7':(2] _4)pn+1

Since the jth term in D%, has a zero H&j_z]m—conditional expectation, we can argue as in

the analysis of Dy to show that D3, converges to 0 in L?. For D%, by the same argument,
we can take conditional expectation with respect to H&j_Q]m for the jth term, which can be
computed similarly to (B.56). The final result after a tedious computation is that D, vanishes

asymptotically. O

Proof of Lemma A.2. Let (" = %{ASJLV( 1)/L(L7(u?))}. Then we can decompose yn =
TN/I" + f/g” — 173” — 174", where

Vn Cn ,V <n s,V Vn CTZLV B C?’LLV ,
1 m]; j—1 2 m]; j—1-1/25j—1/2

Vn Cniv - Cn,v7 Vn Cniv Cniv

In each of the five sums, the jth term is H7. ( Yont kn—measurable with a zero 7—[[’5 j72}m—conditional

25—1
expectation. Therefore, (V1 ye e V4 ) is a four-dimensional martingale array and we can use The-
orem 2.2.15 in Jacod and Protter (2012) to prove its convergence, from which (A.7) can be easily
deduced. Verifying the assumptions of Theorem 2.2.15 in Jacod and Protter (2012) is straight-
forward, so we only derive the asymptotic covariance and leave the remaining conditions to the
reader. A moment’s thought reveals that the limits of ‘71”, ces ‘74” are JFoo-conditionally inde-
pendent, so all we are left to show is that their F-conditional variances are given, respectively,
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by %fIT dt, T fI q?_,dt and, for both V3 and V4 , by & T f[ q:qi—1dt. As the proof is almost

identical, we only determine the F..-conditional variance of Vl , which we denote by QW and
is given by the limit as n — oo of

D () By (G2, (B.59)

Qn Z]E2 Q]n Cnvlcnv _
|J| B2ty w]ej

J€EIn
By a martingale argument,'? this is asymptotically equivalent to
‘j‘ Z EZ] 4]m ] 1) E[Q] 2|m [(CJTL,V)QH (BGO)
J€In

To determine the limit of (B.60), we start with the following a priori estimate, which follows
from the bounds in (B.29):!3

Epjapp | A5LY(@))7] = Efy gy (15,1 (@) ] < C6} [, (B.61)

where C' does not depend on w or j. Moreover, Egjv(ﬂ”

J
ni;ny ; n
L3 (uy) is H{y;_opm-measurable, so

oss b1~ (i) + (et ) )

For ¢ € {0,1}, we have the identity

) and Egjv_l(ﬂ?) are uncorrelated and

(af Ly (@) }) _(RI (@) PRE(L) @) <JL;;K@;(L))?(ss(c;(ay»)?

£(£7 (@3)) | £(L5 (@) i |1 £(L5 (@) (B.62)
2(RLy " (@) (RE(LY (@) (SLyY (@) (IL(L] (@)
|[£(L5 ()| '
Since |cosz — 1| < $2? and |sinz| < x, one can argue as in (B.29) to derive the bounds
Epjoap IRLY (@) < COp /by Epyy_ag (IS5 (@) ] < OO /. (B.63)

For £(L7(u})), there are C, C1,Cy > 0 such that
C16; < [RE(LY @), 1S(LH @) < Cobn,  [SL(LY(a)))] < CHANTYD+, (B.64)

where the first set of bounds follows as in Lemma B.4 and the last bound holds because |e®® —
1 — iz + 32%| < C|zf* and E[Axq] = 0. In conjunction with (B.61), these bounds show that
the second term on the right-hand side of (B.62) is negligible for computing the limit of @Q,.
Regarding the last term in (B.62), note that (B.63) and the Cauchy—Schwarz inequality imply

12The difference between (B.59) and (B.60) can be split into two martingale sums, one summing over even and
one summing over odd values of j.

13Note that one can replace eUnAY iy &by l—e ALY without changing anything, where U = 4} in our case.
Then the claim follows from the bound Eﬁj,zmﬂl — @AY 2] < (ﬂ?)%ﬁgj,Q]zl [(ATy)?] < C(a})? < €63

iUp
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E[QJ Q]m[(%L”j‘iz(ﬁj ))(JLSJVE(N )] < CO3 /ky,. Therefore, E?Q] g of the last term in (B.62) is
bounded by C62 /k,, and does not contribute to QW. Thus, Q, is asymptotically equivalent to

(R (i 1))+ (RIGY ()2 (RE (L (i 1)))?
%Em & @)

{[(%L;‘f@y)) + (éREZ}V1@?))2](8%2(57@?)))2]] |

|1 £(L5 @)

X E[ZJ —2|m

In fact, by (B.63) and (B.64), the previous display is O, (1), so we are allowed to make any further
o(1)-modification. For example, we can ignore the imaginary part of L7 ,(ua}_,) (¢ = 0,1) and
replace L7 (u}) by £7_(u}_;). This shows that @, is asymptotically equlvalent to

IJnI Z (RE(L ( )))4@[121—4]%“(?“7 2@ 1)) + (RLy} (@) 1))’] 565

X By (RIS (@) + (RLG, ()7
Regarding the denominator, we have

3%2(5 (U] Uy 1) = —%(ﬁ?)Q(C[Qj—Q];nAnl{wzé}+P[22j—2mAnE[(AX1)2]1{w§%})

1(p2 /7m\2 2 (B.66)
X eXP(—§('90/77j) C[2j—2];yAn) + 0(05,)-

At the same time, because (x;)icz is m-dependent and cos(z) cos(y) = 3(cos(z +y) +cos(z —y)),

By opp [(REEY J(@))2) = Efs; g (RIS (@)

k2ZE2J app [cO8(@)n ATy cos(@))ny) — Eiy [eos((@)n A7) By [oos((@)n )]
,CQZE[QJ oy [Einra [oos (@) (AFY + A%))] + By eos(())a(AFy — Ajy))] (B.67)

— 2B} [cos((@) ) ATY) B} _y [cos(()n Aly)]

for £ € {0,1}, where the sum ranges over all i, € {(2j — ¢ — V)pp, +1,...,(2) — € — 1)pp + kn}
such that i —¢ € {—m —1,...,m + 1}. Using (B.50) for the second step, (B.17) for the fourth
one and (B.12) and (B.13) for the last one, we have

E?_l[cos« ) ArY)] = REP [0 A1Y)
@(( ;L) )FZJ 2| Zn((u )n)zAne k z[2j Qme] +O(pnAn)

e

P [ e Zn (@), i, U (@) AT proj_gjma,)] + O(Paln)
—eXP( %( "2 _opma, AL 2w+)§R‘I’(anAw Y24 poi opma,) +0'(1)

— 3@y )% epjapma, AL PO RY (W AT proi g, + 0 (1).

Similarly, with the notations ¥ (u) = E[e"AXr+15A%1)] and 7 = i — i, we can deduce

Ez/\z’ 1 [COS(( ) (Any + Az’y))]
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:exp(_(l:tI{TZO})(a?—1)2c[2j—4}WAnA7(11_2W) )%‘I’i( A(w 1/2)+ [2j—4]gAn)+0/(1)'

Now, if @ > 1, then the contributions of ¥ and ¥ are o/(1) and only the terms where r = 0
remain, which via (B.67) shows that for ¢ € {0, 1},

(1 = exp(=(@}_,)*cppj—gpra,))’

Epj—ar—ap Ry o0 (@_0))? + Ry o (@_)%) = ’ - +0'(1).
n
Ifw < %, the contributions of ¥ and ¥* dominate asymptotically. Moreover, we have
0, — 0 by assumption, so expanding cos(z) = 1 — S22 + Lat + O(2%), we get
B [ecos((@] )nAfy)] = R (U1 ppoj—gpma,,) +0'(1)

1 /~n

— 1 3 1)y, EAYD)?] + & @1 e, EL(AY1)Y] + O(65)

and
i 1lcos((@)n(Afy £ Afy))] = REZ (@)1 ppzj—appa,) + 0 (1)
L@, e, Bl £ A+ BT ) e a, El(Axrss £ Axa)'] + O(6),
which inserted in (B.67) and after simplifications yields
Epyjae-aip [RLG (T 0))* + (RLG 0 (1)°]

(ﬂ" )4 m+1

“on, P, (VM“AW) +2) Cov((Axr1)? <Axl>2>) +0(65).
" r=1

If w= 2, we also have 6,, — 0, so combining the previous results, we obtain

n

iy leos((@))nAly)] =1 = 3(@)_1)*(cigjajpa, + Ploj_ama, EI(Ax1)?)
+ 51 (@) Bethy_ama, + 6¢@j—t)pnanPlajama, BIAXD)?] + ply;_gma, E(AX1)*]) + O(67)
and
Eini—1[cos((uf)n(A7y £ Afy))]
=1—(u} )*((1+1p- 0}) [2]' AmA, %0[223' g, E[(Axr41 £ Ax1)?))
+ (@) (51 E Loy yyogpa, + 31 £ Lpmo))epj—apan i apma, El(Axri1 = Ax1)?]
+ ﬂp[2j74}mAnE[(AXH—l + Ax1) ]) +0(65).

Thus, if w = 1, we have

Jj—

29

E&j*%*ﬂn [(%LQJ 2£( j— Z)) +(%ngl_%_1(a?_g))2]
_ @)t A 2
2k, Claj—ama, 1 4C2j—4ma,P [2j 4m [( X1)7]

+ oy apa, (Var((AX1>2> +23 Cov((Axri1)?, <Axl>2>>) +0(65).
r=1

Inserting the expansions obtained so far in (B.65) and noting that E[| (ﬂ;‘fl)Q —02 In(aj—ayppanl] <

0n (K V15 0} — n2j-2ppa.l] = o(6%) by (B.13) and log|¥(u)| = R Log ¥(u) = RLog(1 —

LWE[(Ax1)?] + O(w?)) = —3u’E[(Ax1)?] + O(u?), we obtain Q) = %fIT g?dt from classical

Riemann approximation results (distinguishing the cases w > %, w = % and w < %, and in the

first case, further whether 8y = 0 or not). O
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Proof of Lemma A.3. We decompose W" = W™ + W' where

|j| Z (AQJ ( ] 1/2)) H(AQJ Qc( ] 1))2+(Agj727]1?(ﬁ?,171/2))2],
" jedn
1 2k2 ~(~m
e | Tnl Z{2A29 3 VA% 20(W 1 )A€ (T7_y o) A% o 1 €(Uj_1_y1/2)
" jeTn

—[( gjc(u )) (A2] pe(u] U 11/2)) ]A2g oc(uf Ui 1)A2j o c(u] Uj_1— 11/2)
— [(A%;_qc(uj_ D) +(A2j727ﬂc(uj—1—1/2))2] p;c(uy) A _ye(ul_ 11/2)}

As seen in the proof of Lemma A.1, we haveEFQJ om [Ae(u})] = E[Qj om [AG (U] Ml +AG e (u] M-

o' (1/vky) = o (1/+/ky). Therefore, invoking a martingale argument, we can apply Ep] gm0
the jth term defining W', after which only

2k721, = n-Ion n ~(~n n ~(=n
—m Z E[2j72];{‘[(A2jc(uj))Q}AijZC(Ujfl)A2j7271C(uj7171L/2)
™ ieTn

remains to be analyzed. Similarly to how we eliminated Agj_zi(ﬂ?_l)g in the paragraph following
(B.46), one can verify that the last display converges in probability to 0.

Therefore, only W' contributes asymptotically. By our analysis of Aj;c(u}) in the proof of
Lemma A.1, we have

S U2+ (2D + (g )] + 0p(1). (B.63)

|jn| JEIn

Analogously to the decomposition of V™ at the beginning of the proof of Lemma A.2, we can
split the last line (without the o,(1)-term) into four terms, say, W{",..., W, each of which is
asymptotically equivalent to the F,.-conditional variance of the corresponding XN/Z-"—term. To see
this, consider W{" for example, which is given by

'I’LV?’LV
Z ch

JE€EIn

W —
! \Jn\

As usual, by a martingale argument, we can take E?Qj_élm—conditional expectation, which turns

the previous line exactly into (B.60). This shows that W™ converges in probability to Q).
Repeating this argument for W5, W4" and Wj™ completes the proof of the lemma. O

Proof of Lemma A.J. Throughout this proof, we use O,(a,) to signify a term whose L%-norm
is bounded by Ca,,, where C' is a constant independent of w, i and j. The notations op(a,) and
o;(an) are used similarly. Also, recall that H, = 0 by convention if w > % + %H .

Our analysis of Egji ,(U), £ =0,1, in the proof of Lemma B.2 was independent of whether

we are under SHj, or SH. In particular, we still have (B.21). Regarding Agjib(ﬂ?), we argue
as in (B.30) and use (B.16) and (B.10) to obtain

?_1[62'(17?)71A?y . ei(ﬂ?)nAZi_ly] _ E?_l[ei(a?)"AZi—lx(ei(a?)"A?e B 61‘(17?)71A2i_15)]

+ Eln_l[ei(ﬂ;)nAzi_le(ei(ﬂ;)nAfl’ B ei(ﬁ;‘)nAZi_la:)] + O;(AH)

n
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Similarly to (B.31), we have E;"Ll[ei@?)”AZi—lx(ei(ay)”A?E — ei(a?)"Azi—ﬁ)] = Op(A5”+(2w_1)+),
while E?fl[ei(ﬁ?)nA?vifle(ei(ﬂ?)nA?I—€i(a?)nA?’iilx)] — OP(AE-F(I—QW)JF), which shows Agjib(a?) —
Op(AH+) with H, = (H+ (1 — 2w)4) A (H, + (200 — 1)4).

By the Lévy—Khintchine formula, the mean-value theorem and (B.17) and (B.10), we further
have that

_ 1 (jfl)pn+kn 1 emn2
pL@) =— > {e it (@),A7p a,)
" i=(—1)pnt1

1

_efa(ﬁ?)icafpnflmn n\I/(( MR AT 7 D(i—pn—1)A )}+o ((p An)HAg—sz)_

Since the last display is Op(mn02) by (B.18), 1/Vkn = o' (pnAn)) = o' (m,) by (3.22), Al =
o (my,) and 10g|L23 1 ( ?)\_1 > C62 by (B.39), we conclude that

oy AL\ S ARD@E)Y
) = %{ﬁ(igj_l(ﬂ?))}Jr ) = iy + i)

where the second step follows from L2 i1 (u)) = L (u}) +0p,(1) (recall the definition after (A.6)).
Then V™ alt Vn ,alt + Vv2n ,alt V3n ,alt V4n alt (1)7 where

n,s ~n,s n,alt
Ijn Z GG Vy Ijn Z PGS

n,s n,8 n,alt n,s n,8
|\7n Z Cj—l—ﬂﬂgj ’ Vi |jn Z Cj—ﬂ/2€j—1

n,alt
i

n,alt
V"

and (1 = R{AR, L)/ £(L7 () ).

Next, a first-order expansion shows that AZ; LS( uf) is given by !

(an)QA(l—Qwh (2j—l)pn+kn
,] n

I Z =3 (@)acipn 1A ”‘I’(( InAy n Pli— pn—l)An)f,(U(i—pn—l)An)
z:(?j—l)pn-‘rl

(i—-1)An, L
x /O l9((i = 1)An = 5) = g((i = pn = 1)Ap = 8)|(0{dW, +TdW )

AE-L/2)s 2-Dpnthn

_1 . .
+Jk7 Z e 3 (W) nctipn—1an A \p(( ) N Z i pn_l)An)F/(w(i—pn—l)An)
" i=(2j—1)pn+1

(’L*l)An N ~
x / (G = 1) — 8) — G((i — pn — DAy — )|(0VdW, + T2dTV, + 5VdIT,)
0
plus an of,(m, )-error. Note that

V(@ )nAF pi—pa-1)a,) = 1+ O(AF=D+02),
V(@A pli—p-1)a,) = =T ATV p )8 E[(AX1)?] + O(AF=1+62).

1 The second term is set to zero if @ > % + %H.
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Besides, given an increasing integer sequence )\, such that ! = o/(1), we have

(((=1)Ap=AnlAn)+ L 2
E </0 [9(s =) —g((i = 1A, r)](ardWr+aTdWr)) ]

(=D An—AnAn)y
<2’k [ (s = )12 = (G = 1)y — )7Vl
0
<2K?K}” [(r + Ap)H1/2 — pH=1/212,
AnAn

_ 2K2KH2A$LH/ [(U + 1)H—1/2 . UH—1/2]2du _ OI(A?LH)

An

for all s € ((i — 1)A,,iA,)], since u — [(u 4 1)H=1/2 — 4H=1/2)2 is integrable. The same type
of estimate applies to the integral involving G. Together with (B.66) (which continues to hold
under the alternative hypothesis), it follows that

¢ = A3, + op(mn), (B.69)

where A7 = A?’ll{A>0} + A;‘L721{1*A>0} and

Agll_ZW)+ f/(v(j*)\nfl)pnAn)

nl
b= Fn (C(G-an—1pnAn L 13 F 05 n1)pna, E(AX1)?] o< 1y)
(G=Dpnt+kn (i—1)Ap
<> l9((i = 1A, — 5)
i=(j—Dpp+17 (AP =LA
—9((i —pn —1)Ap — S)](Uz)jf)\nfl)pnAndWS + E?j—An—l)pnAndWS)v
A2 2L E[(AX)0G A0 an (WG 21 5,)
’ kn (C(jf/\nfl)pnAnl{wzé} + p%j—)\n—l)pnAnE[(Axl)z]1{w§%})
G=Dpntkn  (i—1)A,
< Y / [G((i — 1)An — 8) — G((i — pp — 1) Ap — 5)]
i=(j=Dpat1” (7 AnPn =)
X (00 a—1)pnan @Ws + TG0 —1ypran, dW 4 + (G- —1)pn, AW5).

This shows that V""" = M? + A7 4 0,(1), where
1
M = AL Z{ 5jA5j 2 — E[Ag;A5; 5 | f(zj—An—?))pnAn]}a
" jETn

" 1 n AN
AT = s D BIAGAL s | Foya sl
n JE€EIn

The jth term in M7 is Fajp, A, -measurable with a zero Fo;_3_3,)p,A,-conditional expectation
by construction. Therefore, if j and j are at least (3+\,,)/2 apart, the two corresponding terms
are uncorrelated. Thus, a second moment analysis shows that M7 is negligible. On the other
hand, A} converges: after shifting the coefficients ¢, p, v, ¢, ", p, w, %, ¥ and ¢* that appear
in Agj from (25 — A\, — 1)ppAy, to (25 — Ay, — 3)pn Ay, the resulting term is conditionally Gaussian
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given .F(QJ An—3)pnA,- Lherefore, a tedious but entirely straightforward calculation shows that

At — T(CHHI{A€{1 1+ Cr,m,1{a=0} fl t)dt, where A(t) is defined after (A.12) and

i = KBZ/ / / (52 4+ 272 — (252 4 )T
0 JOo JO

X [TH_1/2 —(r— 1)571/2]drdwdv.
. . n,a P n,s
Similarly, V" 2 %(CH,HI{Ae{%,l}} + Crm,1{a=0}) fIT A(t — 1)dt. And because (%, and

n,s n,alt

Gty /o ATe asymptotically uncorrelated for ¢1, ¢y € {0,1}, we have 1/'3"’ath +V,”
completes the proof of the first convergence in (A.12).
To see that C); g < 0, we change variables from r to 1 — s to get

L, [
o [
o Jo Jr
x [(1— :s)f_l/2 —(—s )H 1/Q]dsdwdv

1l
N /0 /0 E[(BJS{T‘”H - B{J%H)(Bf{ — B{h]dvdw,

where B is a standard fractional Brownian motion with Hurst parameter H (see Theorem 1.3.1
in Mishura (2008) for the last equation). Since |(v — w)/k| < 1, the expectation above is the
covariance of two non-overlapping increments of fractional Brownian motion with a Hurst index
H < %, and such a covariance is known to be negative. This shows C\ g < 0.

Finally, let us determine the limit of W™ in (A.11). Similarly to the proof of Lemma A.3
(cf. (B.68)), we have Wmalt = Jy/malt L yp/malt o (1) where

2, 0, which

3_3)571/2 (=2 42— )H 1/2]

Wt — ST (GG (G 0]
|jn| J€In

W alt _ — Z {2Cn sC;m S]_C ﬂ/an s1 1/2
|jn| JE€EIn

e (S R (SN L TR (V) (S i S 8

Note that (C;qL Sl,Cn *) and (Cj 1120 Jnn /2) are asymptotically uncorrelated. Together with
the fact that E[X?Y?] = E[X?|E[Y?] + 2E[X;X3]? and E[X?Y] = 0 for a centered bivari-
ate Gaussian random vector (X,Y’), we deduce, similarly to the analysis of AT above, that

Wl Z5 2 [ AA(t - D)t + +(Crl ety + Crar,Lazoy) f1, (B@) + B(t — 1))dt,
where B(t) is defined after (A.12) and Cy g = 2(Cy ir)* +(C x )2 with

HH_K / / / v w H 1/2_(%+T_1)H71/2][TH71/2_(T 1)H Uz]drdwdv
and W/malt —) T(C H].{Ae{l 11} + Cy le{A 0} f[ A(t — 1)dt. OJ
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