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Abstract

News-jump regressions are high-frequency event-study regressions under infill
asymptotics. When news-jumps in explanatory variables over narrow obser-
vation windows are of the same magnitude as diffusive background noise, the
regression coefficient is weakly identified, invalidating least-squares estimation
and inference. I develop identification-robust inference based on Anderson—
Rubin tests and derive, in a Gaussian limit experiment arising from the jump-
diffusion process, a minimal sufficient and complete statistic for jumps, thereby
enabling powerful conditional inference. In applications, I invert the proposed
robust tests to revisit the empirical questions of Nakamura and Steinsson (2018)
using minute-by-minute data, assess the effects of oil shocks triggered by the
Russia—Ukraine and Iran wars, and examine the dependence of news-driven

ETF jumps on market-index jumps.
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1 Introduction

News jumps, defined here as price jumps triggered by news and latent in observed
changes around news announcements, reflect how financial markets incorporate infor-
mation shocks into asset prices in an efficient market. Examining such high-frequency
co-movements of related variables over narrow announcement windows is increasingly
popular, as this instantaneous market reaction enables empiricists to tease out causal
effects through exogenous variation generated by quasi-experiments in a discontinuity-
based identification scheme; see Giirkaynak, Swanson, and Wright (2026).

Despite the prevalence of high-frequency event study regressions using 30-minute
or wider windows under long-span asymptotics in the high-frequency identification
literature!, the shock-induced co-jump nature can be studied using finer, e.g., 1-
minute, data under infill asymptotics. Li, Todorov, and Tauchen (2017, henceforth,
LTT) develop jump regressions in a statistically valid two-step procedure. For two
related high-frequency time series, the first step detects jumps in the right-hand-
side variable using the standard truncation method?; the second step runs least-
squares regressions on the filtered, large and rare jumps, and conducts inference on
the regression coefficient, known as the jump beta. For high-frequency event studies,
this infill-asymptotic approach offers three benefits: (i) minimizing omitted-variable
concerns that confound identification; (ii) avoiding the need for long-span samples;
(iii) being able to capture the time-varying feature of causal parameters.

For high-frequency event studies, announcement times help localize news jumps,
which provides a clear economic interpretation, allowing researchers to bypass first-
stage truncation for jump detection. However, high-frequency changes in explanatory
variables around news announcements are often so small that they fall below the
truncation threshold. Such small variation reflects either no jump or a genuine but
undetected small jump given the finite sample discretization. Consequently, regression
analysis based on these small jumps risks size-distorted inference and misleading
results. This “small-shock” issue is well recognized in empirical macroeconomics,

notably as the “power problem” emphasized by Nakamura and Steinsson (2018).

1See Nakamura and Steinsson (2018), Kénzig (2021) for representative work on monetary policy
and oil supply news shocks, respectively, and the survey by Ramey (2016).

2In high-frequency financial econometrics, the truncation method detects jumps by choosing a
threshold shrinking more slowly than the diffusion so as to discriminate diffusive components from
jumps under infill asymptotics; see Mancini (2001) and Chapter 9 of Jacod and Protter (2012).



Figure 1: One-minute log prices of SPY and XLB around FOMC announcements
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Notes: The black solid line plots SPY on the left vertical axis, and the gray dashed line plots XLB
on the right. The in-panel quantity is the absolute release-minute log return divided by the asset-
specific truncation threshold from equation (25), with truncation exponent 0.49. It exceeds one for
both assets in Panel (a) but is below one for both assets in Panel (b).

To illustrate the small-jump problem, I examine SPY and XLB log returns around
Federal Open Market Committee (FOMC) announcements. Figure 1 contrasts two
cases: the unscheduled 50-basis-point rate cut on March 3, 2020, when both one-
minute returns around announcements exceeded the truncation threshold, and the
anticipated no-change decision on May 1, 2024, when neither did. Figure 2 shows
that weak first stages are pervasive: 121 of 165 release-minute return pairs fall below
the thresholds over 2003-2024, and 126 of 156 remain below after aggregation over
the five-minute FOMC window [t — 2, ¢+ 2]. Thus, even major macro-announcements
often generate price responses too small to be statistically identified as jumps. This
motivates the development of inference robust to small or absent jumps.

I formulate the small-jump phenomenon as a weak identification problem due to its
low signal-to-noise ratio®. I model jump magnitudes as shrinking at the inverse square-
root rate of the sample size and, by analogy with the weak-instrument literature
(Staiger and Stock (1997)), refer to such jumps as weak jumps. The theory is designed
for moderately high-frequency data such as one-minute or coarser sampling, where

market microstructure effects are less pronounced. The square-root shrinkage rate

3Here, “noise” is used in the statistical sense, rather than market microstructure noise. Under
the continuous-time model, each log return comprises drift, diffusion, and jump components, with
diffusion constituting the dominant noise for the jump signal, as drift is asymptotically negligible at
high frequencies.



Figure 2: The scatter plot of high-frequency return pairs around FOMC announcements.
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Notes: The panels plot XLB against SPY log returns around FOMC announcements, 2003-2024,
using one-minute and five-minute [t — 2,¢ + 2] windows. The right panel has 9 fewer observations
owing to missing early XLB data. Lines are zero-intercept fits of observations above truncation.

places weak jumps on the diffusion scale, echoing the common practice of treating
the small-jump component of Lévy processes as Gaussian noise (Carpentier, Duval,
and Mariucci (2021)).

Writing the two systems in parallel clarifies the connection between news-jump

regressions and instrumental variables (IV) regressions:

Ai(l’)X - Jp + 6i(p)? X = Zim+ ‘/;,17 (1>
n X Y —
i)Y = Jp B+ Eip): Y, = Ziwf + V.
(News-jump regression) (Reduced form IV regression)

In the news-jump regression on the left, (A;‘(p)X , A?(p)Y) denotes the return pair over
the interval containing the pth announcement, J]f( the news-induced X-jump, and
(55((1)), 5221))) the continuous return components; in the IV regression on the right, X;
is the single endogenous regressor, Z; its instrument, and (V1, Vi) the reduced-form
disturbances. Hence, Jlf( and Z;m play analogous first-stage roles: each enters X
directly and Y through J; when either J];X or 7 is local to zero, identification of
becomes weak. Nevertheless, this setting differs from weak IV regressions in three
respects. First, the jump Jf is latent while Z; is observed. Second, the infill asymp-

totics considered here refine the sampling grid around a fixed set of announcements,



whereas conventional weak-IV and event-study asymptotics increase the number of
events in an outfill (long-span) manner. Third, the announcement-specific covari-
ance of the continuous components (af((p), 53’?10)) is locally estimable from neighboring
high-frequency returns, whereas conventional IV inference handles reduced-form de-
pendence through assumptions such as i.i.d. errors or a Kronecker-product covariance
structure, or through HAC estimation of the long-run variance (Moreira and Moreira
(2019)).

This paper makes three contributions. First, I show in theory and simulations
that under weak jumps, LTT’s least-squares regression estimation is no longer consis-
tent and regression-based tests are size-distorted. Second, I provide an identification-
robust and asymptotically similar Anderson-Rubin test (Anderson and Rubin (1949))
allowing for price-volatility co-jumps*. Third, under the assumption that news an-
nouncement times are observed and equal to jump times, I find a sufficient statistic for
jumps in the Gaussian limit experiment arising from jump-diffusion modelling to de-
velop conditional inference, as in Moreira (2003) and Andrews (2016a). Overall, this
paper provides constructive econometric solutions for weakly identified continuous-
time event study models with high-frequency data.

This paper relates to the literature on jump dependence, weak identification, and
high-frequency identification. Todorov and Bollerslev (2010) propose that jumps
should be priced differently from continuous risk, thereby introducing jump beta.
Li, Todorov, and Tauchen (2017) establish regression analysis for jumps, including
a specification test, y/n-consistency, and a semiparametric efficiency result. The
close interrelation between news and jumps/co-jumps has been well documented; see
Anderson, Bollerslev, Diebold, and Vega (2003), Maheu and McCurdy (2004), Lahaye,
Laurent, and Neely (2011), Christensen, Timmermann, and Veliyev (2025) among
many others. However, despite the extensive findings, few studies have been devoted
to small jumps surrounding news, which presents its own challenges for identification
and inference.

As jump regressions bear a high-level resemblance to regression discontinuity
(Bollerslev, Li, and Xue (2018)) and, as revealed by (1), to IV regression, the the-

ory developed here naturally parallels the weak identification literature developed in

4Unlike in weak-IV regressions, price-volatility co-jumps are an additional complication in high-
frequency data: the diffusive noise level accompanying the price-jump signal may jump simultane-
ously; see Jacod and Todorov (2010) and LTT.



these settings; see Anderson and Rubin (1949), Staiger and Stock (1997), Kleibergen
(2002, 2005), Moreira (2003), Andrews, Moreira, and Stock (2006), Feir, Lemieux,
and Marmer (2016), Andrews (2016a). In the presence of microstructure noise, the
notion of weakly identified jumps is adopted by Li (2013).

The empirical literature on high-frequency identification is closely related to the
applied purpose of this paper; see Kuttner (2001), Giurkaynak, Sack, and Swanson
(2005), Nakamura and Steinsson (2018), Bauer and Swanson (2023b), among others.
Anderson, Bollerslev, Diebold, and Vega (2003) show that the evidence is weaker using
daily than intradaily data. These studies typically adopt discrete-time asymptotics
within ordinary least squares (OLS) regressions or vector autoregressions (VARs).
Stock and Watson (2012) refer to high-frequency monetary shocks as “external instru-
ments” that facilitate identification in structural VARs and find a weak-instrument
problem. Casini and McCloskey (2026) have similar findings that “narrow size of the
window is not sufficient for identification” in high-frequency event-study regressions,
a concern that this paper addresses as weak identification.

The rest of the paper is organized as follows. Section 2 introduces the setup and
Section 3 studies weak-jump asymptotics. Sections 4 and 5 develop identification-
robust inferential methods. Sections 6 and 7 report simulation and empirical results,
respectively. Section 8 concludes. Testing procedures and proofs of the main theorems
are presented in the appendices.

The following notation is used throughout. Let R denote the real line, R, =
R\ {0}, Ry =[0,00) and Ry, = (0,00). For a matrix A, AT denotes its transpose.
Write x,, <y, if x,/c <y, < cx, for some constant ¢ > 1 and all n. Use ||-|| for the
Euclidean norm or matrix operator norm, M for the set of 2 x 2 positive semidefinite
matrices, |P| for the cardinality of a set P, and L for independence. Finally, i>,
ﬁn and —— denote convergence in law, stable convergence in law, and convergence

in probability, respectively.

2 Setup and Assumptions

Consider a bivariate process Z; = (X3, Y;)T, such as log prices or interest rates, defined
on a filtered probability space (2, F, (F¢)i>0, P). Assume that Z; admits the following



decomposition into continuous and jump components:

t t
Zi=Zo+ [ bds+ [ oaW, + Y AZ, 2)
0 0

s<t

Here, the drift process b € R? and the stochastic volatility process ¢ € M,y are
both cadlag adapted, and ¢; = o,0] denotes the spot covariance matrix. The driving
process W = (Wx, Wy )T is a standard two-dimensional Brownian motion, and AZ;, =
Zy — Zy_ is a pure jump process.

Suppose an economist is interested in a type of news, labeled by a. Let a, denote
the timestamp of its pth announcement, which may be from either prescheduled or
random events. Let 7, denote the ocurring time of the X-jump triggered by the
pth announcement. Meanwhile, the process (Z;)cor) is discretely observed at t =
0,A,,...,nA,, where A,, denotes the time mesh between consecutive observations,
and the sample size n = |T/A,]. The asymptotic scheme is infill, i.e., A, — 0 or
equivalently n — oo. The i-th increment is obtained by a difference operator A7

defined as follows:
AZLZ = Zz'An — Z(i—l)An‘

Let the i(p)th sampling interval contain the pth announcement time a,. Additionally,
assume 7, is in the same interval, i.e., 7, € ((¢(p) — 1)A,, i(p)A,]. Define the relative

location of the pth news-jump within its sampling interval as

™ — (ilp) — 1A,

A € (0,1] 3)

Knp =

The assumption about locating news-jumps by news-announcement times is formal-

ized as follows.

Assumption 1. For each A, and each p € P,,, the location index i(p) for the
pth announcement is observed, and the news-jump time 7, € [(i(p) — 1)A,, (p)A,).

Moreover, (Knp)p £ (kp)p Where k,’s are i.i.d. uniformly over (0, 1].

Assumption 1 allows some ambiguity about the exact timing of the news event,
but requires the associated news jump to be localized within the A,-discretization
and 7, = a, + op(A,), so that information leakage or delayed market adjustment is

asymptotically negligible. In practice, if the price response begins before the i(p)th

7



interval or unfolds over several intervals, especially for large jumps, the event interval
should be re-localized accordingly. Finally, imposing the uniformly distribution of
within-interval jump time location reflects the property of Poisson-type jumps and
accords with Theorem 4.3.1 and Theorem 4.4.10 Jacod and Protter (2012) in the
setting of Itd semimartingales.

Let B be a Borel subset of the time domain R, with finite Lebesgue measure.
Define ag = {a, : a, € B} as the collection of all announcement times in B, and
let Py, = {p > 1:a, € ag} denote the ordinal indexes of news jumps related to
ag. Assume a linear relationship between the jumps, motivated by the empirical

large-jump pattern shown in Figure 2, namely
AY, = BAX,, forpe Py, (4)

where f3 is the so-called jump beta. Moreover, equation (4) implies the identification:
whenever AX, # 0, the ratio AY, /AX. equals 3. The testing problem is

Hy: =00 against Hy: [ # By, (5)

where 5y € R is picked by the economist. Combining (2) and (4), the news-jump

regression is

Aip)Y = BAjp X + upn(B), where
i(p)An
Upn(B) = (—5,1) ( |

i(p)An
by ds —1—/ O dWs> , forpe Py,
i(p)—1)An (i(p)—1)An

and the error term satisfies u,,(3) = Op(AL/?) under regularity conditions specified
later in Assumption 3.
To account for small jumps that fall below the standard truncation threshold,

impose the following asymptotic structure on jump magnitudes:
AXTP = OP(A;) = O]}D(?’L_T), r Z 0.

The shrinkage rate r governs the strength of identification. When r = 0, the model
corresponds to the conventional strongly identified case studied in LTT; when 0 <
r < 1/2, identification is semi-strong; and when r = 1/2, identification is weak; see

Andrews and Cheng (2012). The analysis focuses on the weakly identified case, i.e.



r=1/2.
Assumption 2 (Weak jumps). For each announcement in ag, the news jump of the
X-process is weak in the sense that

AXTP = 5pA1/2 P € Pay,

n 9
where £, is an R-valued F; -measurable random variable for each p € P,,,.

Two remarks on Assumption 2 are in order. First, the exponent of one-half places
jumps on the same scale as diffusion. Second, when treating jumps as nuisance pa-
rameters, the local specification of weak jumps should be interpreted as an asymptotic
device for capturing a setting in which increasing the sampling frequency does not
help identification, rather than as a literal assertion that jump sizes decrease with
the sample size. This specification delineates the weak-identification regime in which
conventional Wald inference will fail, whereas identification-robust inference should

remain valid, see Dufour (1997). The following regularity conditions are also imposed.

Assumption 3 (Regularity conditions). (a) The drift process b; is locally bounded
and adapted; (b) the volatility process o is cadlag adapted and positive semi-definite
for any t € [0,T7]; (¢) no jump occurs on the boundary of B, almost surely; (d) the

news-jump process y_,~y AZ 1. <4 is finitely active.

Assumption 3(a) renders the drift component negligible relative to the diffusion
part; Assumption 3(b) allows the existence of price-volatility co-jumps; Assumption
3(c) can be easily satisfied by slightly enlarging the considered time region B; Assump-

tion 3(d) is justified by the focus on finitely many scheduled news announcements.

3 Weak-Jump Asymptotics

3.1 A Review of the Strong Identification Case

This subsection briefly reviews LTT’s jump regression under strong identification.

Define

Ry, = \/kp0a,-Vp— + /1 = Kp0o, Yy, (Bo) = (=0, 1) Ry, (6)



where (kp, ¥,_, ¥, ),>1 is a sequence of triplets of mutually independent random
variables, with (k,),>1 being i.i.d. uniformly distributed on [0, 1), and both (¥,_),>;
and (¥, ),>1 being i.i.d. bivariate Gaussian vectors with identity covariance matrices.
Moreover, consistent estimators for the spot pre-jump and post-jump volatilities are
needed. Set

k, = |cA,”|, for some constant c and 0 < v < 1,

where k, — oo ensures consistency, and k,A,, — 0 guarantees the estimation targets

the spot volatility. At each i-th observation, the large-k estimators are

kn n n T
. _ Zj:l AiJerAiJer 1{—unSA?+jZSun}
Cn,i+ =

Y

k
A, >t 1{—un§A;L+jZ§un}
kn n n
~ - ijl Ai—jZAi—jZT1{—unSA§LjZ§un}

Cni— =

(7)

%
An i L un<an z<u,)

where u, = (u;,u) )T € R, is the truncation threshold, with u;\ =< AZ and v} =

A% for w € (0,1/2). Based on Section 3.2 of LTT, the OLS estimator is

Yict(ap) AT XATY
DieT(ay) AT X?

Bn = Bn(aB> = (8>
Let the weighting function w : My x My x R — R be a continuous function. The
weighted least squares (WLS) estimator is

A Ziel(aB) w(@l,i*: én,iJra Bn)A?XA?Y

Bn(ag,w) = ~ — = (9)
Y icT(ap) W(Cr iy Crigs Bn) AT X?

Moreover, the optimal weight corresponding to the generalized least squares (GLS)
estimator is w*(é,i—, én it Bn) = 2/(—57“ (i + énﬁ)(—gn, 1)T by accounting for

heteroskedasticity. LTT’s result implies that, under Assumptions 1 and 3,

ZpePQB w<capf> Cay, s 6)AXap§p
ZPEPaB w(cap_7 Cap’ /B)AXC?I; '

AT (B (ap, w) — B) =5 (10)

The above result clearly subsumes the \/n-consistency of OLS and GLS by respec-

tively letting w = 1 and w = w*.

10



3.2 Jump Regressions under Weak-Jump Asymptotics

Given the weak-jump setup, I re-examine LTT’s jump regressions. Define Z(ag) =
{i(p) : p € Py, } to collect all the sampling intervals in B that contain news announce-

ments a. In the first step of LTT, the truncation method on Z(ag) generates:
Z.(ag) ={i € Z(ap) : |ATX| > un}, u, <A?, we(0,1/2). (11)

Clearly, Z,,(ag) € Z(ag). The asymptotic results of news-jump regression under weak

jumps are summarized in the following theorem.

Theorem 1 (Weak-jump asymptotics). Under Assumptions 1, 2, and 3, the following
results hold:

(a) P(Z,(ag) = @) — 1 as n — oc.

(b) For the ordinary least squares estimator defined by (8), the limiting distribution

is

_ DS (IR, + &,))5,(B)
o Lo | — PEPay » T Sp)Sp
e e (R, 1 6

= OP(1)7 (12)

where e; = (1,0)7 € R?, and R, and () are defined in (6). For the weighted

least squares estimator defined by (9), the limiting distribution is

Bn(aB; w) — 8 Los, b, — ZpePaB w(cap,, Cay, B+ 6) EGIRP +&p) §p§5)
ZpE'PuB w(capfa Cay, s B+ b) (e-erp + fp)

Theorem 1(a) indicates that the standard truncation method asymptotically fails
to detect any weak jumps, which is aligned with the empirical concern that small
jumps are undetectable. Theorem 1 (b) shows that the WLS estimators [, (ag, w),
which include OLS and GLS as special cases, are inconsistent under weak jumps and
hard to bias-correct, reflecting a typical consequence of weak identification. Conse-
quently, weak-jump limits are substantially heavier-tailed than the strong-identifica-
tion limits, e.g., in the just-identified case, the limit (10) is Gaussian, whereas (12)
is a nonstandard fat-tailed random variable in ratio form even without scaling. The
size distortion is evident from the simulation in Figure 3: its left panel shows that

the OLS limit increasingly departs from its strongly identified counterpart as jumps

11



Figure 3: Scaled OLS law under weak jumps versus the LTT benchmark

(a) Scaled OLS distributions (1P,,|=38) (b) Mixed case (IP,,| =40)
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Notes: Panel (a) compares the simulated sampling law of A, 1/2 (Bn — B) (solid) with the limiting
distribution of LTT (dashed) for shrinkage rate r € {0,0.3,0.5} when A,, = 1/390. Each pair is
normalized by its LTT density at zero; densities are kernel-smoothed. Panel (b) reports null rejection
rates of LTT-OLS/GLS as the share of weak jumps rises; |Pqy,| denotes the number of jumps.

shrink, and the right panel shows the size distortion in a mixed case: while a small
portion of weak jumps is negligible, the size of the LTT procedures rises sharply above
the nominal level once weak jumps dominate the sample. These issues necessitate the

development of identification-robust inference.

4 The Anderson—Rubin Test

In this section, I develop the Anderson—Rubin test which is valid for any jump size
by invoking the null hypothesis. First consider the just-identified case of a single
announcement. Recalling the testing problem (5), I propose the following Anderson—
Rubin (AR) statistic on the pth announcement:

Sun(Bo) = 72 (Di)Y = BNy X ), p € Py (13)
The AR statistic (13) exploits the specification (4) to cancel jumps. If 5y coincides
with the true parameter [, then the X-jump and Y-jump components cancel in

Snp(Bo) by the linear jump relation, yielding a null distribution free of the jump size.

Theorem 2 establishes that under the null, S, ,(5) will stably converge in law to

12



Sp(Bo) defined in (6). I then aggregate { S, ,(50) }pep,, in Lo norms and use simulated

critical values, as detailed in Algorithm 1.

Theorem 2. Restricting attention to Q(ap), suppose Assumptions 1, 2, and 3 are
satisfied. Then:

(a) The statistic satisfies S, ,(80) = o (80) + (58— B0)&, where ¢,(50) = (—fo, 1) R,
and R, = |/Rp0q, Y, + /T — Kp0,,¥,, for an independent uniform random
variable r, over the unit interval [0, 1) and independent bivariate normals ¥,,_

and \ij+.

(b) For ag, define Qs = Y pep, . [Snp(B0)]/0s,(Bo) Where bs,(Bo) = 5ho(Cnigr)— +
Cni(p)+) P LN vsp(Bo) = ho(cap + ¢q,)hg which is the conditional variance of
gp(ﬁo) given (cq,—,Cq,), and hg = (=0, 1)T. Under the null Hy : 3 = f,

Qs =5 Y [sp(50))” (14)

pEPay USP (5o)

(c) The test based on (14) has asymptotic size a € (0,1) for every f € R, in
the sense that lim,,_,., P (QS > C’U%AR(ﬁO) | HO) = « for every By € R, and
cvp ar(Bo) is calculated by the procedure described in Algorithm 1.

Algorithm 1. (i) Generate one realization from a sequence of random triplets
(Fop, Wy qu+)pe7)u which is an independent copy of (kp, V), W)y )pep, , and

calculate for each p

R p:\/~_6ni(p {I} t v _’%p&n,i(p)+@p+> §~wo(ﬂO):(_Bt)aDRn,p
ﬁS,p(ﬁO) ( 607 )(an +an )( 507 )

where (6y,,i(p)— On,i(p)+) are Cholesky decompositions of (én,i(p)  Cri( p)+) defined

n (7). Then store the value MC' =3 ,cp, % in this one trial.
P

(ii) Given a significance level a € (0, 1), independently repeat step (i) a large num-
ber of times and obtain a Monte Carlo sample of MC. Set cv; 4z(80) as the
(1 — a)-quantile of MC' in the Monte Carlo sample.

13



By Theorem 2(a), the null distribution of the AR test at the pth announcement
is a Gaussian mixture. The random variable r, locating the jump within the i(p)-
th sampling interval is uniformly distributed according to the It6 semimartingale
model. Under the null, Qg is free of jumps and therefore robust to weak identifica-
tion. Under the alternative, (5 — ()&, provides power for the test and the power
increases as | — [y| grows. Under strong or semi-strong identification, the AR test
is consistent against a fixed alternative since ¢, = Op(n'/?>7") and diverges as n in-
creases for r € [0,1/2). In Theorem 2(b), the variance normalization in Qg places
the announcement-specific AR tests on a common scale; without it, high-volatility
announcements would mechanically receive greater weights. Theorem 2(c) permits
test inversion for 8. Accordingly, define the AR test ¢4y = 1{Qs > cvy 45z(Bo)} in
which 1 means rejection. The identification-robust confidence set (CS) at confidence

level 1 — v is

CSin' = {Bo € R : ¢4x(B) = 0}.

It should be noted that CSY* does not spuriously recover the beta for continuous
return as it is a nuisance parameter that is the same under the null and the alternative

and does not contribute to distributional discrepancy for hypothesis testing.

5 Inference in the Limit Experiment

Although the AR test is robust to identification strength and can be shown to be
optimal under just identification, it is inefficient under strong identification in overi-
dentified settings (|P,,| > 2); see Kleibergen (2005), Andrews (2016a). This section
develops conditional inference (Moreira (2003), Chapter 10 of Lehmann and Romano
(2005)) with the aim of deriving powerful tests.

To simplify the analysis, I directly consider testing in the limit problem within Le
Cam’s framework (Miiller (2011), Andrews (2016a), Bollerslev, Li, and Ren (2024))
and derive an asymptotic result in the Supplement, showing that the related statistics
in the discretized sample stably converge in law to the statistics in the limit problem,
to formally justify this limit-of-experiment approach. The analysis in this section is

based on Assumption 1’.
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5.1 Conditional Inference in the Gaussian Limit Problem

The following assumption simplifies the limit experiment from a Gaussian mixture to
a Gaussian shift experiment in which a sufficient statistic for jumps can be found due

to the availability of a closed-form likelihood.

Assumption 1'. For every p € P,,, the realized announcement time a,, is observed,
and 7, = a, almost surely, and k,, = [a, — (i(p) — 1)A,]/A,, — K, as n — oo for

some constant &, € [0, 1].

Assumption 1’ is plausible in empirically relevant settings. For example, pre-
scheduled FOMC announcements are timestamped to the second, and SPY is highly
liquid. Asin Assumption 1, information leakage and market reaction time is simplified
to be negligible, and Assumption 1’ strengthens this requirement by imposing 7, = a,
with probability one.

This assumption is for theoretical simplification to derive the Gaussian shift limit
experiment. One can avoid this assumption by standardizing A;‘(p)Z and using a more
involved analysis. What is more, Assumption 1’ is reasonable for pre-scheduled news
releases in the sense that for FOMC announcements, one can set k, = 0.

Define g = (1,5)" and h = (—f,1)T for any 5 € R, and let gy and hy denote
their counterparts with [ replaced by y. Let 6 = 3 — [y denote the deviation from
the null, so that g = gy + dey where e = (0,1)T. Under Assumptions 1’, 2, 3, in
restriction to Q(ag), the limit experiment for A;1/2< o)X A?(p)Y>T ,D € Py is

Gaussian, namely

A?(p) 4

AL/2

L-s K K
— Zp = (va Yp)T ~ N(@p% E’p) ) Z’p = KpCay,— + (1 o KP)C‘IP <15)

and Z,’s are independent across p € P,,. Here, the rescaled jump &, is the nuisance
parameter and [ in g is the parameter of interest. Next, define two statistics exploiting
the null candidate ;. The first one is a sufficient statistic for the rescaled jump &,

which captures the strength of the jump signal:

ggZ;IZp

1 :
962,190

p

P E Pay- (16)

As in the literature on conditional inference (Moreira (2003), Andrews (2016a)), con-

ditioning on the sufficient statistics for the nuisance parameters (), yields a condi-
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tional distribution free of these nuisance parameters, thereby ensuring identification-
robust inference. The second is an ancillary statistic for S under the null, which is
the AR statistic corresponding to S, ,(fp) in (13):

Sy =hiZ, =Y, — Xy, DE Pay.

The properties of the two statistics are displayed in the following lemma.

Lemma 1. In the Gaussian limit experiment (15), for each p € P,,, the following
results hold:

(a) Under Hy : = 0, the profile maximum likelihood estimator 7}, of §, in the limit

problem, defined in (16), is minimal sufficient for £, and complete.

(b) Under both the null and the alternative, the two statistics S, and 7}, are inde-

pendent. Specifically, their joint distribution is as follows.

) (o) (0 )
T, (1+466,)¢, 0 wvry

where vg, = hiX,ho, vrp = (903, 90) ™", and 6, = vr,ge %, e

Lemma 1(a) implies that nuisances (§,),ep,,, cannot affect the null distribution of

any tests conditional on (7},),ep,,. The independence between S, and T}, in Lemma

o . .. . «_ S « _ T,

1(b) permits simulation of conditional critical values. Let Sp = U;p, Iy = v;p,
* prm— gi 3 3 . . . .

and §; = \/1% The standardized versions of the two statistics satisfy:

3

*

INEF
( ) ~N (( rp *> ,I2> , independent across p € Py, (18)
Tp (1 + 56P>€p

where \, = \/vr,/vs,. To stack Sy and T across p, define §* = (&;)pep,, and
S* = (8))pere, ~ N(OAE* Iip, 1), T* = (T ) pep,, ~ N((Ujp,,) +00)E*, Iip, ) where
A = diag((Ap)pepa, )s 0 = (0p)per,,, and © = diag(f). Clearly, T remains a sufficient
statistic for (&,)pep,,- Following Andrews, Moreira, and Stock (2006), define

Q= (S* T*)T(S* T*) _ (ZpePuB(S;)2 ZPEPuB ; i) = (QS QST>
YopePay oLy pera, (1) Qsr Qr
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[ first derive the Lagrange multiplier (LM) statistic and its null distribution in the

limit problem.

Theorem 3 (Lagrange multiplier test). In the Gaussian limit experiment (15), the

Lagrange multiplier statistic for Hy : § = [ is

2
(Zpers, MoSiTy)
ZpEPuB >\127 (T;)Q

LM =

Under Hy, LM | T* ~ x?, and therefore unconditionally LM ~ 3.

The LM test statistic is in the same spirit as the K-statistic (Kleibergen (2002))
and score-type test (Moreira (2009)), noting that the parameter of interest g is a
scalar. Let ¢f,, = 1{LM > x},_,} denote the LM test. Under strong identification,
it can be shown that (¢ ,, is optimal in the sense of being the uniformly most powerful
unbiased (UMPU) test, see Proposition S2(a) in the Supplement. Nevertheless, under
weak identification, its power can be low and non-monotonic in || as shown by
simulation, see Figure 4. These properties of the LM test are in line with the weak
IV literature, see Andrews, Moreira, and Stock (2006) and Andrews (2016a).

I next derive the conditional likelihood ratio (CLR) test in the standardized ex-
periment generated by (S;, T >p€'puB. Unlike the LM test, the CLR test remains
powerful under weak identification due to the conditionality which adjusts critical

values according to the signal strength reflected by the sufficient statistic 7.

Theorem 4 (Conditional likelihood ratio test). In the limit experiment (15) for
testing Hy : 5 = by against Hy : 8 # [y, suppose that |P,,| > 2. Then the following
results hold:

(a) The likelihood ratio test statistic is

ApSs -+ (1+06,)T5 )
A2 + (1 + 06,)2

LR = sup Z {5

d€ER pe'paB

— T (20)

Let ¢, YN (0,1) for p € Pyy,. The null distribution of LR conditional on T is

{00G + (1+06,)T3)°

L
LR T* == F * =
| =S ) X2+ (1+ 36,)?

d€eR pGPaB

— T
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where Frp« is a continuously distributed random variable. The conditional test
wrrp = LR | T* > cv@ x(T*)} in which cv@;z(T*) denotes the (1 — «)-

quantile of Fr- is conditionally similar in the sense that Ep [0, 5 | T%] = a.

(b) Additionally, if ¥, = Y,% for a scalar T, € R, and a positive definite 2 x 2

matrix ¥, then the likelihood ratio test statistic admits a closed form:

LR= LR = 0 (Qs — Qr+ (@s + QP —4QsQr — @) . (21)

Conditional on 7% and under the null, the statistic LR" is distributed as

(@i -TT (@ Qe T S AT T QL) (22)

where Q| ~ xj is independent of @, ~ XIQPaB\*l' Define the conditional test
Olppn = LR | T* > cvdp o (T*)} where cvd, o (T%) is the (1 — a)-quantile
of the conditional distribution in (22). The test 2, ., maintains conditional

similarity under heterogeneity in the sense that Egy (2, pn | T = au.

The forms of CLR tests given by Theorem 4 are similar to those in the weak-
instrument literature, see (2.6) of Moreira and Moreira (2019) and (3) of Moreira
(2003). The key difference lies in the asymptotic scheme: in weak IV, the limit
experiment is univariate Gaussian due to the central limit theorem, while in jump
regressions, the limit experiment is multivariate Gaussian induced by the semimartin-
gale modelling.

Under strong identification, Proposition S2(a) in the supplementary material
shows that the CLR test pcorr is asymptotically equivalent to the LM test ¢ru
and therefore a UMPU test, in line with Theorem 6 in Andrews, Moreira, and Stock
(2006). The CLR test under homogeneity, @ 5, although it is not the CLR test un-
der heterogeneity, still controls size and lies in the class of Quasi-CLR (QCLR) tests
motivated by Kleibergen (2005) in a weak GMM setting; see also Andrews (2016a).
Accordingly, provided a function r : Rzl — R U {co} and conditional on T*, the
class of the QCLR test statistics indexed by r(-) is

QOLR, = 5 [Qs —r(T") + /(@5 + (T — (@5 — L3 - r(T)]
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whose null distribution is conditionally pivotal. The QCLR tests can control size but
it is hard to find an optimal function r*(-) for a power-maximizing criterion. Intu-
itively, there is an efficiency loss of ¢g,, o, compared to ¢g; p with strong jumps under
the default heterogeneity setting, which is confirmed by simulations. Nevertheless,

Corollary 1 below justifies the CLR" test for weak jumps.

Corollary 1. Under Assumptions 1/, 2, 3, and conditional on 7™, the conditional
tests g r and ¢ pn defined in Theorem 4 are admissible for every a € (0,1). That
is, in the weakly identified limit problem, neither ¢, nor g, o, dominates the

other.

I then develop the CLC test of Andrews (2016a) which adaptively weights the
LM and AR tests according to identification strength summarized by the sufficient
statistic, thereby combining the former’s efficiency under strong identification with
the latter’s robustness under weak identification. I transform 7™ to D = AT™* and use

D as conditioning statistic for E(D) = ZE(S*) |s=o extracting identifying information

along its steepest local gradient. Let J = Qg — LM . Conditional on D,
LM = S*TPDS* ~ X%, J ~ X|2Pa3‘*1’ LM 1 J

where Pp = D(DTD)~!DT. Let D denote the support of D and A be the collection
of measurable functions a : D — [0, 1]. For a € A, the CLC test is

Percamy = HLEM +a(D) - J > ca(a(D))}

where co(a(D)) is the (1 — a)-quantile of x? + a(D) - XIZPaBI—l in which the two chi-
squares are independent. Let up = E(D) = A( + §0)¢* and Xp = Var(D) = A%

Define the concentration parameter by
¢ = upZp'up = [|(1 +60)¢"||?
Let m = E(S*) = JAE*. Define a compatible set Mp(up) for m:
Mo(pp) = {m = 0N - i = Alljp,,| +00)6" 0 € R.E € RMol} . (23)

Thus, S* ~ N(m, Iip,,|), m € Mp(up), D ~ N(up,A?), and S* I D. Following
Andrews (2016a), I consider the plug-in minimax regret unconditional (MMRU) test.

19



For the CLC test v¢ ¢ ,, define a power envelope by adjusting a, i.e., 3*(m, up) =
SUDge(0,1) Emopup (9C1c,q)- The weight is selected by

anvRrU((p) = Max argmin - sup {ﬁu(my pp) — Enpp [SO%LC,a] } . (24)
a€l0,1] meMp(up)

The plug-in MMRU test ¢%; is

Opr = QO%LC,aMMRU([LD) = 1{LM + anvru (i) - J > calavvru(fp)) }s

with a plausible estimate jip for up. Noting DTA~2D is a biased estimator for ¢ since
DTA™2D ~ X|27’a3\(c) implies E(DTA™2D) = ¢ + |P,,|, I consider three options sug-
gested by Andrews (2016a): the MLE ¢y, the positive part bias-corrected estimator
¢pp = max(Qr — |Pqyl, 0), and the smooth shrinkage estimator defined by

5. <_Q2T>j j!(IPa:! + 29')) '

J=0

~ _Qlr
tkrs = Qr — |Pay| +e 2 <
Accordingly, the plug-in MMRU test applies the estimated mean of D

fp:=D-+/¢;/Qr, i€ {MLE, PP, KRS}.
The following theorem collects the necessary results.

Theorem 5 (Conditional linear combination test). Under Assumptions 1’; 3, and
|Pay| > 2, the following results hold for the CLC test.

(a) For any measurable function a : RPssl — [0,1], the CLC test PELC.a(D) =
H{LM +a(D)-J > co(a(D))} satisfies Eg, [‘P%Lc,a(p) | D} = .

(b) In the strong or semi-strong identification cases, the MMRU weight defined by
(24) satisfies aMMRU(,uD) — 0.

By Lemma 1(a), 7% is complete under Hy, so every similar test has Neyman
structure with respect to T™; restricting attention to conditionally similar tests such
as YGoqp) 1S therefore without loss of generality. Moreover, the MMRU weight
converges to zero under strong or semi-strong identification, which implies that the

CLC test reduces to the LM test in these cases and achieves efficency.
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6 Simulation Evidence

Following Bollerslev and Todorov (2011), I adopt a two-factor volatility structure for
the benchmark data generating process (DGP) with calibrated parameters, incorpo-
rating key features of high-frequency financial data, such as continuous beta, leverage
effect, price-volatility co-jumps, and idiosyncratic Y-jumps. The process is set to
span over one year, corresponding to 250 trading days with 6.5 daily trading hours.
I discretize the process at 1-minute frequency to ameliorate the microstructure noise
concern while maintaining the role of infill asymptotics. The announcements a are
pre-scheduled at 2 p.m. on the 20th, 60th, 80th, 110th, 130th, 160th, 205th, and
230th trading days in one year, mimicking the FOMC announcements. Let 3 denote

the jump beta. The two factor processes (V1, V) evolve as follows:

AV, = 0.0128(0.4068 — Vi, )dt + 0.09541/Vio(pdWy, + /1 — p2dBy,),
dVy, = 0.6930(0.4068 — Va,,)dt + 0.70231/Var(pdWi, + /1 — p2dBay),

where Wi, By, and By are independent standard Brownian motions, with W; cap-
turing the systematic shock and (Bj, B) driving idiosyncratic shocks, and p = —0.7
reflects the leverage effect, and the initial value is set to (Vi o, Vo) = (0.5,0.5). The

volatility processes ox and oy depend on factors according to

8

0% = Vig+ Vo + 37 Ha, <t} J7 exp(0.125)
p=1
oy = [2—0.75sin’(t)] (Vi + Vau)
where J7,p = 1,---,8 are i.i.d. exponential random variables with mean equal to

eight. I set Zy = 0, and the dynamics of log-prices are described as follows.

6 .
AX, = ox dWiy + Y& 1{a, <t}- AL &% n, - N(5,0.25),

p=1

6
dY, = B, - ox, dWi, + oy dWay + @y dN, - 1{t ¢ a} + 3 Z &El{a, <t} A7,

p=1

Be = 0.89, py|ovy ~ N(0,25 - 07,), Ny is a Poisson process with rate Ay = 15.
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Table 1: Monte Carlo null rejection percentages at the 5% nominal level.

T AR AR LM CLR CLR" CLC-tyrg CLC-tpp CLC-tkprs LTT-GLS LTT OLS

0 6.88 6.37 6.00 5.86 5.42 6.02 6.02 6.02 5.78 5.15
0.1 6.88 6.37 595 599 542 5.92 5.92 5.92 6.47 5.85
0.3 6.89 6.36 6.02 589 5.46 6.14 6.14 6.14 11.87 10.52
0.5 6.90 6.37 5.68 6.55 6.12 6.54 6.56 6.51 30.98 25.98
K Obs. Unobs. Obs. Obs. Obs. Obs. Obs. Obs. Unobs. Unobs.

Notes: Entries are null rejection percentages from 10,000 replications with 8o = 8 =1 and &, =0
in the DGP; r indexes jump shrinkage. In the x row, Obs./Unobs. means observed /unobserved for

. . . s iid 7.
inference. Procedures with unobserved « use simulated critical values based on x, ~ Uniform(0, 1).

where f3, is the continuous beta, and the 7, are independent Rademacher random vari-
ables indicating the jump direction. To demonstrate the robustness of the proposed
methods for “no jumps”, I let no jump occur at the last two announcements.

On tuning parameters, I use a balanced window for large-k volatility estimation,
specifically, k, = 3 x [A-Y/2| = 57. As for the truncation level u, = (uX,u)X)7, it is

necessary to scale the threshold by the surrounding volatility level, and I set

1/A ld/An ]
72T1LA/nJ1 > IALLX[IATX], (25)
[/ An] =1 a5 an 42

uX =4 x /BVyx A¥ BV, =

n

and uY is likewise calculated. Here BV, denotes the bipower variation estimator on
day d that is robust to jumps (Barndorff-Nielsen and Shephard (2004)).

Table 1 summarizes the size control results. I set § = 1 in the benchmark DGP
and vary the jump shrinkage rate over r € {0,0.1,0.3,0.5}, which span strong, semi-
strong, and weak identification. It is found that rejection probabilities of LTT’s OLS
and GLS become severely oversized at r = 0.3 and 0.5. Moreover, GLS is more size-
distorted than OLS, reflecting the robustness and efficiency trade-off. At the same
time, AR and the conditional procedures remain much closer to the nominal level
as jumps weaken, although some modest upward size distortion can remain due to
finite-sample error in large-k estimation; the oracle comparison in Table S4 of the
Supplement supports this interpretation.

Figure 4 reports power from variants of the benchmark DGP. Three features stand
out. First, the finite-sample rejection curves are asymmetric because changing [,

changes the covariance projection used to standardize the statistics. On the positive
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side of panels (a) and (b), CLR has the highest power and CLC tests remain powerful
due to the numerical design, while LM’s power rises much more slowly, showing its
inefficiency. Second, panel (c¢) reproduces the power-ditch phenomenon in the weak-IV
literature without changing the benchmark of price-jump signals but only adjusting
the continuous beta. The nonmonotonicity is a score-cancellation effect: as Sy moves,
announcement-specific contributions to the LM score change sign and increasingly
offset one another. Third, under strong identification in panel (d), LM, heterogeneous
CLR, and CLC approach one another, while CLR" exhibits the efficiency loss, as
predicted by Proposition S2 in the Supplement. The AR test is inefficient in this
strongly identified and overidentified setting, as expected. Overall, the proposed
tests are robust to weak identification and the conditional tests maintain maximized
power under strong identification. I therefore recommend the CLR test as the default
choice, and the AR test in the just-identified case for detecting time variation in the

parameter of interest.

7 Empirical Applications

7.1 Infill-Asymptotic Analysis for the Fed Information Effect

The first empirical application examines announcement-specific evidence on the Fed
information effect. Nakamura and Steinsson (2018) document that policy news rais-
ing interest rates is associated with upward revisions in expected output growth.
They interpret this finding as evidence that FOMC announcements convey informa-
tion about economic fundamentals in addition to the future path of monetary policy.
Bauer and Swanson (2023a) offer an alternative explanation: monthly forecast re-
visions and high-frequency monetary policy surprises may both reflect previously
released economic news, with the Fed responding more strongly than market partici-
pants anticipated. Golez and Matthies (2025) use dividend strip data to find evidence
of the Fed information effect. Those debates reflect the difficulty of attributing lower-
frequency changes in expectations to a particular announcement and the need for
analysis at higher frequencies.

I use one-minute data around nine FOMC announcements from September 17,
2025 to September 16, 2026. Following the construction of Acosta, Brennan, and Ja-

cobson (2024), I construct the policy-news factor X as the first principal component
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Figure 4: Power under one-minute benchmark-DGP variants.

Lo (a) Weak jumps (r=0.5) (b) Larger volatility jumps
—o— AR/Qs —o— AR/Qs
- LM - LM
80% |9+ CLR {-o-crr
~:A+ CLR! -:A+ CLR!
> CLC = CLC

Rejection rate

0% T T T 1 T T T 1
-0.4 -0.2 0.0 0.2 0.4 -0.02 -0.01 0.00 0.01 0.02

p—=Po
Notes: Rejection percentages use 10,000 replications from variants of the benchmark DGP with
|Pag| =8, 8 =1, knp = 0, and k, = 57. Panels (a)—(d) use (r,5.) = (0.5,0.89), (0.5,0.89),
(0.5,0.70), and (0,0.89) and volatility-jump means 8, 16, 16, and 8, respectively. The dotted line
marks the 5% nominal level. Across all tests, null rejection probabilities range from 5.5% to 6.9%.

of changes in the rates implied by two federal funds (FF) futures and three secured
overnight financing rate (SOFR) futures, oriented so that positive changes indicate
tightening news. I consider three outcome variables: Y can be (i) ten-year trea-
sury inflation-protected securities (TIPS) midpoint yield obtained from LSEG, (ii)
100log D;, where D, is the price of 180-day dividend claims inferred from put—call
parity; or (iii) 100log .Sy, where S; is the S&P 500 index. Infill asymptotics accom-
modates this fixed span and small number of announcements. Figure 5 diplays the
one-minute intraday data of the Nakamura and Steinsson (2018)-style news policy
factor and TIPS.

Table 2 displays the empirical results for 95% confidence sets obtained using
identification-robust inferential methods (the 99% confidence sets can be found in

Table S1), and shows substantial variation across announcements. Panel A reports
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Notes:

Figure 5: Policy news and real yields around nine FOMC announcements, 2025-2026
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All times are New York time. X uses the first principal component of standardized 13:50-14:20 changes in rates implied by two

federal funds futures and three quarterly SOFR futures across the nine announcements. I rescale its weights such that X’s effect on the
longest-maturity SOFR contract used here (SOFR5) is one, adapting the normalization of Nakamura and Steinsson (2018, p. 1294). The
scaled weights are applied to one-minute data. Header ratios compare the 14:00-14:01 change with the threshold in equation (25). Missing
prices are carried forward. Volume sums contract counts across the five futures.



Table 2: Identification-robust 95% confidence sets for one-minute responses to policy news

FOMC day A. Real yield B. Dividend price C. Stock return Method
2025-09-17 [0.494,0.875] [—0.458,11.086] [—0.066, 0.005] AR
2025-10-29 [0.539,1.118] [—13.249, —1.438] [0.008,0.078] AR
2025-12-10 [0.515,1.906] [—5.111,11.342] [—0.370, —0.124] AR
2026-01-28 R R R AR
2026-03-18 [0.230,0.863] [—5.638,2.832] [—0.099,0.002] AR
2026-04-29 R\ (1.303,2.001) R\ (—5.002, 36.148) R\ (—0.061,0.278) AR
2026-06-17 [0.608,0.824] [—0.239, 4.361] [—0.079, —0.039] AR
2026-07-29 [0.033,0.200] [1.577,4.811] [—0.047, —0.030] AR
2026-09-16 [—0.473,0.113] [—1.117,4.323] [—0.045, —0.001] AR
Pooled [0.450, 0.554] [0.92, 3.00] [—0.047, —0.031] CLR

Notes: Announcement-specific sets use AR with x? critical values; pooled sets use CLR with a
common 3 across 9 meetings. All panels use X with the normalization described in Figure 5. Units
are bp (panel A) or log-return percentage points (panels B and C) per SOFR5-equivalent bp. Panel
B uses 180-day dividend prices inferred from put—call parity; Panel C uses the S&P 500 index.
Covariance estimates use £ = 0 and k,, = 30 (panel A) or 28 (panels B and C); PCA weights are
treated as fixed.

positive real-yield responses at six of the nine meetings, with confidence sets exclud-
ing zero at the 95% level, consistent with the monetary non-neutrality findings of
Nakamura and Steinsson (2018). Dividend-price responses in Panel B provide com-
plementary evidence of structural changes in the information channel (Golez and
Matthies, 2025): at the 95% level, the July 2026 response is positive and the October
2025 response is negative. Panel C shows negative stock-return responses in Decem-
ber 2025 and June, July, and September 2026, but a positive response in October
2025, at the same confidence level. These patterns are consistent with varying con-
tributions of information and conventional policy effects. Identification strength also
varies: at the 95% level, the January sets equal R, indicating no jumps, and the April
sets are disjoint and unbounded, a case theoretically analyzed by (Mikusheva, 2010).
Using AR test for the just-identified case captures the time-varying causal parameter
from the data, and this empirical finding accords with Amir-Ahmadi, Matthes, and
Wang (2026). Imposing a common 3 across meetings yields sharper CLR 95% sets
of [0.450, 0.554], [0.92,3.00], and [—0.047, —0.031] for real yields, dividend prices, and

stock returns, respectively, supporting a monetary non-neutrality and Fed informa-
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tion effect in the over-identification.

7.2 Analysis of Oil Shocks by Wars

This subsection examines the relationship between war-induced oil price jumps and
long-term U.S. Treasury bond prices. The explanatory variable X is the West Texas
Intermediate (WTI) crude oil futures price, while the outcome variable Y is the
price of the iShares 20+ Year Treasury Bond ETF (TLT), which tracks long-term
U.S. Treasury bonds. We focus on news events associated with the Russia—Ukraine
and Iran wars that affect global market expectations about oil supply. Detailed

information on these news events is provided in Section S4.2.

Figure 6: WTI and TLT log returns around war-related oil news

(a) Russia-Ukraine war (b) Iran war
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Notes: One-minute log returns in percent around Russia—Ukraine war, talks, and security news
(panel a) and Iran war news (panel b). Filled black circles and open gray circles denote WTI

returns above and below truncation, respectively. Each panel reports event counts; 95% confidence
intervals are in Table 3.

Interpreting upward WTT jumps as adverse oil-supply news, Figure 6 suggests two
distinct bond-market responses. For Russia—Ukraine events, TLT prices rise with oil
prices, consistent with a flight to safety as geopolitical risk increases demand for U.S.
Treasuries. For Iran-war events, the negative relation is consistent with an inflation
channel: expected supply losses from the blockade of the Strait of Hormuz raise
inflation expectations and long-term nominal yields, depressing TLT prices. The
opposite signs suggest that the balance between safe-haven demand and inflation

concerns differs across the two groups of events.
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Table 3 shows that each least-squares procedure yields a 95% interval containing
zero in at least one sample: LTT-OLS for Russia—Ukraine, and OLS-HC3 with or
without an intercept for Iran. CLR excludes zero in both, delivering a positive jump
beta for Russia—Ukraine and a negative one for Iran. Identification-robust inference
thus yields sharp conclusions about the direction of bond-price responses, consistent

with the contrasting economic mechanisms above.

Table 3: 95% confidence intervals for war-related oil-news jump betas

OLS-HC3
News group LTT-OLS CLR
With intercept Without intercept
Russia—Ukraine [0.067,0.141] [0.067,0.143] [—0.046, 0.256] [0.011,0.401]
Iran [—0.279,0.004] [—0.272,0.007] [-0.163, —0.101] [—0.181, —0.123]

Notes: The OLS-HC3 uses heteroskedasticity-consistent standard errors. LTT-OLS is the jump
regression and CLR is the robust test of this paper, both using observed-x variance estimation.

7.3 Jump Beta between ETFs with FOMC Announcements

The third empirical application studies jump dependence across exchange-traded
funds (ETFs) around FOMC announcements through a factor-model lens. The sample
spans 2001-2024 and includes 190 scheduled FOMC meetings. While some announce-
ments generate strongly identified jumps, a substantial fraction are characterized by
small jumps.

I specify the X-process as the ETF tracking the S&P 500 index (ticker: SPY),
serving as the proxy for market-wide jumps. For the Y-process, I draw from industry-
specific ETFs in order to study their exposures to market jump risk. The Y-variable
candidates, with corresponding tickers in parentheses, are: materials (XLB), finan-
cials (XLF), technology (XLK), and energy (XLE). I obtain the one-minute intraday
data from Pi Trading®, so that microstructure frictions such as noise and rounding
errors are less of a concern. The exact announcement times of FOMC releases are
available on Bloomberg®, which allows me to precisely anchor the timing of news-

jumps. Figure 7 presents scatter plots of the high-frequency return pairs around

°Pi Trading website: https://pitrading.com/.
6The release times of FOMC announcements can be found in Bloomberg at “FOMC Rate Decision
(Upper Bound)” in the Monetary Sector, Economic Releases, Economic Calendars (United States).
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Figure 7: SPY and sector-ETF log returns around FOMC announcements
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truncation.

FOMC announcements for XLF, XLK, and XLE; the corresponding plot for XLB is
shown in Figure 2.

Figure 8 compares annual 95% confidence sets obtained from CLR and the LTT-
GLS regression, imposing a common jump beta within each calendar year. Both
methods are applied to the same set of retained announcements and use the large-
k spot covariance estimator with k, = 20. When weak jumps dominate, the CLR
confidence sets are often wide, whereas LTT-GLS can still produce relatively tight
intervals. The two methods nevertheless exhibit substantial agreement in 2007 across
all sector ETFs, when 4 of the 8 announcements are strongly identified, as well as dur-
ing 2013-2024 for XLB, XLK, and XLE. In the remaining cases, however, CLR often
yields substantially wider confidence sets, which may even fail to overlap with those
produced by LTT—GLS. The discrepancy is particularly pronounced over 2008-2012,
a period in which all SPY jumps can be weakly identified. These findings illustrate
that conventional least-squares-based inference can appear spuriously precise under
weak identification and thereby lead to potentially misleading empirical conclusions.
I therefore recommend identification-robust inference for empirical applications in

which announcement-induced jumps may be weak.
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Figure 8: Annual FOMC jump-beta confidence sets: heterogeneous CLR and LTT-GLS
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Notes: Annual 95% confidence sets for the jump beta around FOMC announcements. Dark-gray
solid lines with open circles denote CLR; light-gray dash-dotted lines with open squares denote
LTT-GLS. Spot covariance estimates use k, = 20. The CLR test, see (20), uses known-x covariance
estimates Kp pCpi(p)— + (1 = Kn,p)én,i(p)+ and a 0.02 grid over [—3,3]. For both methods, outward
open triangles mark truncation at the display limits, not necessarily unbounded confidence sets.
Fractions at the top of each panel report weak/total announcements in the corresponding year.

8 Conclusion

High-frequency event-study regressions have become increasingly popular as high-
frequency identification has emerged as an important tool for causal inference in
empirical macroeconomics. However, the 30-minute or longer event windows com-
monly used in practice may still be too wide to credibly maintain exogeneity, thereby
weakening the causal interpretation of the resulting estimates (Giirkaynak, Swanson,
and Wright (2026)). This paper proposes an alternative framework that exploits
minute-level data through infill asymptotics and focuses on jumps, a natural object

in continuous-time models, as the source of identifying variation.
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A key challenge is that jumps can be small when the announcement informa-
tion is largely anticipated by financial markets, giving rise to the weak identification
problem. I develop inference robust to such low signals by drawing on the weak-
instrument literature, while also characterizing efficient tests under strong identifi-
cation. The infill-asymptotic framework is attractive in three respects: it minimizes
omitted-variable bias concerns, allows informative inference even when the number

of events is small, and accommodates time variation in the parameter of interest.

Appendices

Appendix A. Testing Procedures for Observed «

This appendix details the testing procedures for the AR, LM, CLR, CLR", and CLC
tests, given the sample {A?Z = (A X, A'Y)T}; when Assumption 1’ is satisfied. Fix
a candidate value 8y and write go = (1, 50)7, ho = (=, 1)7, and e5 = (0,1)T. The
procedures below presume |P,,| > 2; when |P,,| = 1, use the AR test directly. At

each announcement p € P,,, compute the spot covariance estimate X,

a, — (i(p) — 1)An'

Xp = Enplip)— + (L — Knp)lnip)+,  where ki, =

A,
Suppressing dependence on fj in the following display, define
/ ~ A -1
Ugp = h)Xpho, Or,y = (g(T)Z_lgo) ,
Sup = AN Z, Ty = A 00,000 AL Z, (26)
5\1, =14/ ’(AJTp/lAJ&p, ép = @Tpggflgle%
S5, = 05y S T, = 07" T
Stack these coordinates across announcements and define
[ S:(B) = ( S T:(Bo) = (T5,(50))p,
An(Bo) = diag((Ap(Bo))). O,.(S) = diag((8,(80))y), @7)
Da(Bo) = Mu(Bo) T3 (Bo), Qs.n(Bo) = S5,(80)75,(Bo),
\QT,n(BO) =T,(80)"T,(Bo), QSTn(ﬂo) = S,(80)"T;; (Bo)
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For compactness, the dependence of the quantities on [, is suppressed below. For

s,t € RPasl define the following likelihood-ratio functional

< . 2
{)\psp sin o + (cos o + 0, sin Q)tp}

L(s,t) = max — 7, (28)

oelm/2m/2)  Ept 5\]20 sin® o + (cos o + 0, sin p)?

where d = tan p gives the reparametrization of the likelihood ratio in Theorem 4, and

the reparametrization enables the feasibility of computation. Also define

1

L"qs, qr,qsr) = 5 {qs —qr +\/(gs + ar)? — 4gsar — Q%T)} : (29)

Algorithm 2 (Consolidated testing procedures). For a fy € R and « € (0,1):

(i) Compute the common quantities in (26)—(27) once. Set

_ (57 Dy)?

LM, = , J, = n— LM,,

with the computational convention LM, = 0 when D,, = 0.

(ii) Compute the statistic and its corresponding critical value for the selected test:
a. (AR) The AR test uses Qs as the test statistic, with critical value XIQPaBI,lfa'
b. (LM) The LM test uses LM, as the test statistic and the critical value x7,_,,.

c. (CLR) Calculate the test statistic:
LR, = L(S:,T7),

n’-n

where £ is defined in (28). Independently of the data, draw (™ ~ N(0, I Pagl)s
m=1,..., M, and set

LR = £(C™, 7).

The conditional critical value cvy, o z(T);) is the empirical (1 — a)-quantile of
(LRI
d. (CLR") Calculate the test statistic:

LR" = £"(Qsn, Qrons Qs70),
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where £ is defined in (29). Independently of the data, draw (™ ~ A/(0, Iip, 1),

m=1,..., M. For each m, calculate
~gj;;) = f(m)Té(m)’ Qggﬂ?n = f(m)TT;’ LRZ’(m) = ‘Ch(@gr:z)» QTJM Qfs‘n%?n)

Let cvy o pr(T);) be the empirical (1 — a)-quantile of (LRMm)M_

e. (CLC) For a plug-in rule i € {MLE, PP, KRS}, form

~ _ D, V EZ'/CQTJM QT,n > 0,

HDni =
07 QT,n =0.

where, letting fxfp © denote the density of a noncentral chi-square distribution

with |P,,| degrees of freedom and noncentrality parameter c,

CMLE € arg max f)z (c)(QT,n)a cpp = (Qrn — [Pagl)+
>0 [Pag|

4 ~1
A~ _Crn > QTn J 1
Ckrs = Q1 — |Pag| +€ 2 (- : ) . , .
i JZ:% 2/ N[ Pagl +24)

A

Replace (A, O, up) in (23)-(24) with (A, Oy, ip.n:) and denote the resulting

largest minimizer by a,; € [0,1]; when Qr, = 0, set @,; = 1. The statistic is

with critical value being the (1 — «)-quantile of x? + &n,ixfpa3|_1.

(iii) Reject Hy : 8 = [y when the statistic exceeds its corresponding critical value.

Appendix B. Proofs of Main Results

Throughout, let ¢, denote the density function of N(0,v) and drop the subscript

when v = 1.

Proof of Theorem 1

(a) Let X¢ and Jx respectively denote the continuous part and the jump part of the
X-process. Set |Z,(ap)| = ¢ < oo where Z,(ap) is defined in (11). Note that ¢ is
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fixed as n — co. Then for any strictly positive integer ¢,

P(Z,(ap) # @) = P(3i,i € Tp(ap), s.t. |[APX| > u,) =P ( U {IA7X]|> un}>

1€ln(ap)

< S PUATXC + AlJx| > u,)

ieIn(aB)
< D PAIX>w/2)+ >0 P(A}Ix] > un/2)
iEL,,(aB) iGIn(CIB)

(@)
< KqAaqm/Q/ugz + Z P(|fp| > unA;1/2/2)—>0

PEPap

where the inequality (i) is due to Markov’s inequality, E|A?X¢|¢ < K,A%? for some
constant K, that depends on ¢, and P, is a finite set.
(b) Since Ry, = A V2(AL,Z — AZy,), p € Pay, it follows that

i(p
Ar X A X — AX, +AX,
i(p) — i(p) P P (1’ O)Rn,p + gp

A2 (ALY = BAY, X)) = (—=B,1) R,

AL2 AL
Therefore,
5o ity SIXAY o dpep, Ajp X (AflyY — A}, X)
Ziez(aB) (A?X)Z ZpEPuB (A?(p)X)Z

2pePay, (1,0) Ry p + &) (=5, 1) R p
2pePay (1, 0) R p +&p)?
o5 2pePay [(1,0) R, + &) 5(B)

—b 30
e, (LOR, 57 (30)

where the stable convergence in law is by (31) in the proof of Theorem 2 and the
continuous mapping theorem. Finally, see Lemma 3 for a proof that b = Op(1).

(c) For the weighted least squares, note that

A SpePap Wnitr) Enito) B Ay X (Afp)Y = BAY,) X)
Bn(ap,w) — B = - " e
2 pePay, W(Cni(p)—+ Cnsi(p)++ /Bn)Ai(p)X

L-s ZpEPaB w(cq,—; Cays B+ B) [(1,0)R, + &l 5p(B)
— = by

ZpePuB w(car? Caps B+ B) [(1,0)R, + fp]Q
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where the stable convergence in law is due to (31), (32), (30), w being a continuous

function, and the continuous mapping theorem.

Proof of Theorem 2

(a) Note AY;, = BAX,; thus AY, — AF )Y + Al )Y = B(AX,, — Af, X +Aj ) X).
Define R,,, = A, V?(A%,Z — AZ,,). Then A} )Y = BAT ) X + (=5, 1)A)/* R, . So

~1/2( Am n AlpX
Sn,p(ﬁO) = An (Az(p)y - BDAl(p) ) (6 50) 1/2 + (_ﬁa 1)Rn,p

An X — AX, AX,
(®) A1/2 (5 60) 1/; +( 6a 1)Rn,p

9 (8= Bo)(1,0)Ruy + (B — Bo)ép + (=B, 1) Ruy
= (=80, ) Rpp + (B — Bo)&,p

= (8= ho)

where equality (i) is due to Assumption 2 and the definition of R, ,. Proposition

4.4.10 of Jacod and Protter (2012) gives the following joint convergence:
(Rn,p>p21 ﬁ (Rp)pZI (31)

where R, is defined in (6). And it implies (R, p, é},) > (R, &) due to the property

of stable convergence. According to the continuous mapping theorem,

Sp(Bo) =2 (—Bos )Ry + (8 — Bo)&p = p(B0) + (B — Bo)&y

(b) Note that E(Rp|0q,—,0q,) = 0 and Var(R,|oq,—, 0a,) = (Ca,— + Ca,)/2 by the law of
iterated expectations. Hence Var(s,(5o)|ca,—; ¢a,) = 5(—B0,1)(cay— + ca,)(— B0, 1)T =
vsp(Bo). By Theorem 9.3.2 in Jacod and Protter (2012), it follows that

A~ P ~ P
Cnji(p)+ — Ca, Cnji(p)— — Cap— (32)

and the continuous mapping theorem implies 0g,(3) SN vs,(Bo). By the stable

convergence in law under the null in Theorem 2(a), it follows that

ng Z [%(50)]2.

pG'PaB /Usvp (/60>
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(c) Let cuf(Bo) denote the (1 —a) quantile of 3 ,ep, [$p(B0)]?/vs,»(Bo). This quantile
satisfies cvf(fy) > 0 for € (0,1). For the large-k estimators in (32), let N; be an ar-
bitrary subsequence of N. Hence (é,i(p)+, Cni(p)—) LN (Cap» Ca,—) along Ny, so there is a
sub-subsequence Ny of Ny, s.t. (€ i(p)+: Cnii(p)—) 25 (Caps Cap—) along Ny, equivalently,
the set Q = {w € Q1 (Cni)+ (W), Enitp)— (W) = (Ca, (W), Co,—(w)) along Ny} satisfies
P() = 1. For fixed @ € ©, Syep,, [Gup(Fo)/D5p(H0) -5 Ty, [55(0)]/05p(B0),
as n — oo, where ¢, () is defined in Algorithm 1. Notice that the distribution of
Y pePa,, [5p(50)]? is atomless over [0, 00), so by Lemma 21.2 of Van der Vaart (2000)
and cvy 1 (Bo) being the (1 — a)-quantile of 3 cp, [S0.0(B0)]?/Ds5,5(Bo), it follows that
cvg 1 (Bo,w) — cvf(Bo) as n — oo. Hence, for an arbitrary subsequence Ny, there
exists a subsubsequence Ny along which cvy; | (5o) =5 v (By). By the subsequence
characterization of convergence in probability, it follows that cvyy;(5o) =5 ()

along N; therefore, under the null,

(Qs, ey 1 (Bo)) = L (ZP: gzpﬂ(%o) ?(5@)

hence by continuous mapping, Qg — cvfj,l(ﬂo) L, Zpe’])aB [5p(B0)]?/vs.5(Bo) — cv?(Bo),
which implies P(Qs > cvy; 45(50)) = P(Zpep,, [5(50)]*/vs,(B0) > cvir(Bo)) = a.

Proof of Lemma 1

(a) Under Hy : 8 = By, Zp ~ N(9o&p, Xp), so the log-likelihood of Z, in terms of &, is,
up to constants, ((&) = —3215'Z, + 905, Z, — 562905, 190 Maximizing £(&,)
over &, generates its MLE under Hy:

QSE;IZP

Tzflz_A TEfl -0 - fo_J07p T
90 D P gpgo p 9o £p g(])‘zp_lgo p

Furthermore, the density of Z, can be written as

e (Zy) = (2m) 7|57 exp [‘zz;zplzp+(fp o3 )
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By the factorization theorem (Corollary 2.6.1 of Lehmann and Romano (2005)), 7,
is sufficient for §,. And note for Z, # Z corresponding to 7}, and T}, if

fﬁp(Zp>

ey (7)

_ 1 _ _
= fpggzp 1(Zp - Z;) - §<Z;Zp 1ZP - Z;DTZP 12110)

does not depend on &, then &,g§%,*(Z,—Z,) = 0, implying T), = T. So T}, is minimal
sufficient. Finally, note that T}, ~ N(&,,vr,). Suppose that Ee, (f(7},)) = 0,V&,, ie.,

- f()¢ur, (t = &)dt =0,V €R <= [ * oy, (&) = 0.

Taking Fourier transforms gives f (w)&vm (w) = 0. Note that évm (w) = e vTre*/2;
thus f = 0, implying f = 0 a.e. over the distribution family of T,. So T}, is complete.
(b) Note hg = h + de; where § = 3 — [y, so recalling (15) gives S, = h{Z, =
(hT + 0e])Z, ~ N (& (R + del)g, hiE,ho) = N (0&,, vs,). And note g = go + dea, so
(15) implies Var(T}) = g0, ' 2,2, 90/ (90X, ' 90)* = (902, *90) ™" = v, and E(T}) =
902,98/ 905, 90 = 8%, (90 +0e2)8,/ 905, g0 = (1 + 66,)&p, so T, ~ N((1 +
30,)&,, vr,p). Finally,

h§%%, g0 higo

= =0.
9825190 Q(T)Z;lgo

Cov(Sy, Tp) = COV(hBva ggg;lzp/(ggzglgo)) =

So (17) is proved. Note the joint normality guarantees that zero correlation implies

independence, and the rest of the statements easily follow.

Proof of Theorem 3

By Lemma 1 and (18), the log-likelihood of {(S¥,T7) : p € Py, } is

p’7p

| Pasl
2

COAGH) = —5 X (5 — NG +{T — (1+30,)6 ]

pePaB

log(2m).

The score with respect to 0 is

SO AG er) = X &S — NG T 06T — 1+ 30)6)] . (39)

PEPag
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Under the restriction § = 0, the likelihood separates as

L0 AG her,) = —5 3 [(S7+ (T )7 -

pePaB

|Pas|

log(2m),

so the restricted MLE is é; =T;. Let é;;(a) denote the profile MLE of & for a fixed
0 where the profiled log-likelihood is

Corot (8) = £ (0,465 () }per, ) -

By the chain rule, the profile score restricted at the null is

, 0

DE: (0
prof(o) = % 5:0( )

+ Z (Oa {gg}pGPaB) ’ 95

l
= = P 5*
6=0,¢&; 5* PEPap & —g;

The second term is zero by the first-order condition of the restricted likelihood. Hence,

substituting S =T into £,+(0) and noting (33) gives

;)rof<0) = Z [APT;S; + QPT;<T; - T;)} = Z APT;SZ

pePOB pGPaB

Under Hy, conditional on (7}),ep, ,, the conditional variance of the profile score is

Var (gprof(()) ’ (T PGPaB) Z >\2

PEPag

The conditional LM test statistic is therefore the squared profile score under the null
hypothesis divided by its null conditional variance:
U 2 * T 2
I Eprof(o) _ (ZPEPaB APSPTP)
" Var (0 (0) [ (Tper,)  Sopern, M2(T5)2

Under Hy, (S;)pep., ~ N(0,Iip, ) and S; L T for all p. Therefore LM | T* ~
X3. Since the denominator is positive with probability one, the unconditional null

distribution is also x?.
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Proof of Theorem 4

In the limiting experiment Z, = (X, Y,)" ~ N(§,9,%,), transform Z, into (Sy, 7).
By (18),

.
Uy= (S5, T =A,Z, ~N | & oA L), A= Mo/ /0 :
prop P\1+ 00, V905,

where 0,7, Ay, 0, Vs, vy are defined in Section 5.1, and U,’s are independent across
p € Pa,. Therefore, the Gaussian limit experiment Z, with parameters (3,§,) can
be transformed to U, = (S, T;)T with parameters (6,&) and the testing problem is
equivalent to Hy : § = 0 against Hy : 0 # 0. Let m,(6) = (6A,, 1+ 66,)T. Then the
log-likelihood of the {U,},ep, , is

IPaBI

(O0AGY = —3 Z 10, = &my (915 — log(27).
pGPnB
For any ¢, profiling out £ gives its profile MLE f;(é) = mJ(0)U,/[mI(6)m,(0)]. The

concentrated log-likelihood is therefore

=5 Sl 5 e [Pl

log(27).
B, miom(5) 2

Under the null 6 = 0, m,(0) = e and [mI(0)U,]*/mT(0)m,(0) = (7). So

LR = swp26(0) ~ (0 =p 3 S = (@)

ApSt+ (14 06,)T )
62)\2 + (1+86,)?

o 3 Y

JER pEP

— Qr.
_ (o <1 .
Suppose ¥, = T,3. Let O = Lo ) So ¥,' = O™, 0/ det ¥, and Ogy = hy,

Oey = —ey. Hence g E go = vs,/ det X, gOE ey = —h)X,e1/det ¥, and

det X, s\ — det X, 9 h{¥,e

Urp = ) p

Usp N thpho ' P thphg
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Therefore, given ¥, = Tpi, Ap and 6, do not depend on p, implying that m,(d) is
free of p and can be written as m(J). By the Rayleigh quotient ratio,

L ph g, MT(0)Qm(0)
S  Gm)

=2 [@s —@n) + Vi@s +@rr —4@ser - @3]

- QT - )\max(Q) - QT

So (20) and (21) are proved. For the rest proof, see Lemma 4 in the Supplement.

Proof of Theorem 5

(a) In the limit experiment, S* L D because D = AT*, S* L T* by Lemma 1, and
T* = D is a bijective mapping. It follows that S* | D ~ N(m, I|p, |) where m =
SAE*. Let Pp = D(DTD)™'DT and Mp = I — Pp. Then by definition LM = S*TPpS*
and J = S*TMpS*. The matrices Pp and Mp are symmetric matrices with ranks 1

and |P,

| — 1, respectively. Cochran’s theorem gives

LM | D ~x3(m™Ppm), J|D~ X?PuBlfl(mTU — Pp)m), LM 1L J|D.
Note that under the null, § = 0 implies m = 0; thus
L,Hy o 2
LM +a(D)-J| D =" xi+a(D) - Xip,, |-1-

where x? 1 X\QPuB\—l' Therefore Ep, (¢ rcan) | D) = a
(b) In the Gaussian experiment, strong and semi-strong identification correspond to

diverging rescaled jumps:
*_ ex — AT12 R\PaB\
g_gn_snuny Sn = n — 090, Up — U € Rx )

where r = 0 represents the strong case and 0 < r < 1/2 indicates the semi-strong
case. Consider the null and local alternatives 6,, = b/s,, where b € R is fixed and
b = 0 gives the null. Then

D
a 2 s v = Au.

UD = fp;n = SpAuy + DAOU,,
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Thus it suffices to show that anvru(ppn) — 0 if pp, diverges. First, for every
C >0, let Bc = {m € RIPssl . ||m| < C}. Then

dH(MD(H’D,n) N Bc, Span(v) N Bc) — O, (34)

where pp, = s,v,, the sequence v, — v, and dy denotes Hausdorft distance with
the Euclidean metric d(-,-):

dy(Aq, As) = max{ sup d(x1, As), sup d(xq, A1)}

1’1€A1 CEQGAQ

To see this, first, let m,, € Mp(up,) N Be. Then m, = 6,AL, so pup, = AL +
0 AOEE = A + ©m, by (23), and therefore

My, = On(tpn — OMy) = 0p(Sp0n, — OMy,).

Choose a coordinate j with v; # 0. The identity gives

_ (Ma); — O(s~! — _
o= $n(vn)j — 0;(man); = Olsn), fin = 8n0 = O(L),

noting ||m,|| < C for m, € Bc. So m,, = h,v, — h,©Om,,/s,. Consequently,
My = hy(I + hn©/5,) 0, = hpv + o(1), (35)

so d(my,,span(v) N Be) — 0 as n goes to infinity. Second, pick any hv € span(v) N Be
where h is bounded. Note by (35), there exists an m!, € Mp(up) s.t. m!, = h(I +
h©/s,) v, = hv + o(1) with ||m|| < C if n is large. So d(hv, Mp(pupn,) N Be) — 0
as n goes to infinity. Therefore, (34) is proved. According to Theorem 5 of Andrews
(2016b), axmry — 0.
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Supplement to “Weak Identification in News-Jump

Regressions”
Jiezheng Wei*
October 29, 2026

Abstract

This supplement provides the proofs of lemmas, auxiliary theoretical re-
sults, additional simulation results, and further empirical findings of Wei (2026),

“Weak Identification in News-Jump Regressions”.

S1. Proof of Technical Lemmas and the Corollary

Lemma 2. Let z,t,\,0 € R” where P is an arbitrary finite integer and \, > 0 for

every p. Define a function by taking the supremum

P 2
[0,z + (1 4 66,)t,) )
L(z;t, )\, 0) = E — ||t . S1

(2 ) ?slén% {pzl 02AZ 4 (14 66,)? Il (S1)

Then 0 < L(z;t, A, 0) < ||z]*

Proof of Lemma 2. For each p and ¢ € R, define
m,(6) = (6N, 1+660,)7 and n, = (z,,t,)7.

Suppose m,(d) = 0. Since A, > 0, the first coordinate of m,(d) would imply 6, = 0,
and therefore 6 = 0; but its second coordinate would then equal 1 4 66, = 1, a
contradiction. Thus m,(d) # 0 for every 6 € R, and in particular ||m,(d)[> > 0. By
the Cauchy—Schwarz inequality,

0 < [mp(a)T”p}Q

2 _ 2 2
= m ==

*School of Economics, Singapore Management University; E-mail: jzwei.2022@Qsmu.edu.sg.
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Consequently, for every ¢ € R,

Z [00pzp + (1 + 66,)¢,)?
62A2 + (1 + 006,)?

P
— [t < Z 2 1) = [I1E* = [l=]

Taking the supremum over § establishes the upper bound. For the lower bound,
evaluating the expression at § = 0 gives Y0 2 — [|¢]|> = 0. Hence 0 < L(z;t, A, 6) <

|2]|* as claimed. O
Lemma 3. The limit b defined in (30) is well defined and bounded in probability.

Proof of Lemma 3. Write

H, =elR, + &, D= > 7-[2

pePaB

First, ® > 0 almost surely. On (ap), Assumption 2 implies that &, # 0 for at least
one p € Pg,. Conditional on the sigma-field F and x,, it follows that

IR, | F. iy ~N(0,V,), V,

T T
Kp€iCa,—€1 + (1 — Kp)ejcq,er > 0.

If V, > 0, this conditional distribution is atomless for being normal, and hence
P(H, =0|F,ky) =0. If V, =0, then e] R, = 0 almost surely, implying H, =, # 0
whenever £, # 0. Thus it follows that, noting |P,,| < oo,

P(D =0,ap) =P ({H, = 0.Yp € Pay} ) (Uper., {& # 0}))
Z P:07£P#0):O
PEPag

Hence ® > 0 almost surely on Q(ap). This also verifies that the singular set {® = 0}

of the ratio map used in the continuous mapping theorem has probability zero.
Finally, let H = (H,)pep,, and ¢(3) = ((8))pep.,- The number of announce-

ments is finite and every component of H and ¢(/3) is finite almost surely. By the

Cauchy—-Schwarz inequality,

[HT<(B)] _ D)l
> = HI

o] =

S2



For any ¢ > 0, since P(||H|| = 0) = 0, choose § > 0 such that P(||H|| < ) < /2,
while the almost sure finiteness of ||¢(f)|| permits a choice of K < oo such that
P(|ls(B)]l > K) < /2. Additionally,

P (bl > K/8) < P(|H| < 6) +P(ls(8)]| > K) < e

Thus b is a well-defined random variable and b = Op(1).
U

Lemma 4. The conditional random variable which is equal in law to LR in the limit
experiment in Theorem 4(a) is well defined, and both of the CLR and CLR" tests

are conditionally similar.

Proof. The first claim is that the conditional random variable in Theorem 4(a) is
well defined and continuously distributed. Define a compact set S1 = {(a,b) € R* :
a®> +b* =1, b > 0}. Relabel the indices in P,, by {1,2,---, P}. For (a,b) € SL,
define

{a)\ zp + (b+ ab ) } 9
Gap(z,) t))*.

Every denominator is strictly positive for (a,b) € SL. For b > 0, G, equals the
objective defining L in (S1) at 6 = a/b, whereas the two points with b = 0 give the

common limit as 6 — Fo00. Hence

L(z;t,\,0) = (aril)%}gl Gap(z,1). (S2)
Since G,p(z,t) is jointly continuous and S! is compact, the maximum in (S2) is
finite, and by Berge’s maximum theorem (see Theorem 17.31 of Aliprantis and Border
(2006)), L(z;t, A, 0) is jointly continuous in (2, ¢, A, §) on RPes! x RIPasl x (0, 00)Pes !l x
R/Pe5! and therefore Borel measurable. Lemma 2 additionally gives 0 < L(z;t, A, 0) <
=2
The next claim is that, for each fixed t, every level set of z — L(z;t, A, 6) is
Lebesgue-null. Consider first a level ¢ > 0. Holding z_; = (29, ..., zp) fixed, suppose
that three points m < ry < rg satisfy L((r;,2-1);t,X,0) = ¢ for j = 1,2,3. Choose

S3



a maximizer (a,b) in (S2) at r,. Since Gp; = 0, necessarily a # 0. Moreover, for
z=(r,z_1), note A\; > 0, so

o? 202 )2
G -1),t) = -
grz Conl(r21):0) = e s

2>O.

Thus, writing ro = sr; + (1 — s)r3 for some s € (0,1), strict convexity gives ¢ =
Gap((r2,2-1),t) < $Gap((r1,2-1),t) + (1 — 8)Gap((r3,2-1),t) = ¢, a contradiction.
Every section parallel to the first coordinate axis therefore contains at most two

points, so Fubini’s theorem implies that the level set at ¢ is Lebesgue-null:

P({L(Z, t, A, 9) = C}) = ZP({L((Zla Z—l); A, 6)) - C}|Z—1> =0
It remains to consider the level ¢ = 0. Denote the objective in (S1) before taking the

supremum by Rs(z,t). Direct differentiation at the null gives

0
%R5(27 t)

P
=2 Z Aptp2p.
6=0 p=1

If t # 0 and L(z;t,\,0) = 0, then the supremum implies Rs(z,t) < 0 = Ry(z,t) for

every 0, so the derivative above must vanish. Consequently,

P
{z: L(z;t,\,0) =0} C {z DY Aptpzy = O} ,
p=1

which is a Lebesgue-null hyperplane because A, > 0 for every p and ¢ # 0. If ¢ = 0,
then for every z # 0 and every § # 0,

e

Rs(2,0) = > 0,

2= 02A0 + (14 66,)2

and hence the zero-level set is the singleton {0}. Negative level sets are empty by
Lemma 2. This proves that L((;t, A, 0) is atomless for every fixed ¢ whenever ( ~
N(0, ]|paB‘). Its distribution has no gaps either. Indeed, Lemma 2 gives L(0;t, A, 0) =
0, while L(rej;t, A\, 0) > Gy o(re;,t) — oo as |r| — oco. Since R is connected and L
is continuous, the range of the random variable L((,t, A, ) is therefore [0, 00). For

every 0 <z <y, the set {z: 2z < L(z;t,\,0) < y} is nonempty and open, and hence
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has positive probability under the standard multivariate Gaussian distribution. Thus
the distribution function of L((;t, A, 0) is continuous and strictly increasing on [0, 00).
To identify the conditional distribution formally, let vp be the standard P-dimen-

sional Gaussian measure on R” and define, for every Borel set A C R,
Kao(t, A) = [ 1{L(:t.1,0) € A} p(d)
R

Joint measurability of L makes Ky o a probability kernel. Under Hj, Lemma 1 gives
S* ~ N(0,Ip) and S* I T*. Therefore, for all Borel sets A C R and B C R,

P{LR e A, T* € B} = /B Ko(t, A) Pre (dt),

which verifies that Ky o(T™,-) is a regular conditional distribution of LR given T*.
Equivalently,

LR|T* =t £ LG A0), ¢ ~N(0,Ip),
which is the distribution Fr- in Theorem 4. Let F)y(t,x) = Ky o(t, (—o0, z]) and
cvgrp(t) =inf{x: Fyp(t,z) > 1 — a}.

The critical-value map is jointly Borel measurable in (¢, A, ), and the preceding ar-
gument makes F} o(t,-) continuous and strictly increasing on its support. It follows
that

Puo{LR > cvgpp(t) | T" =t} = a.

Thus, for the rejection rule in the theorem given by ¢, , = I{LR > cv@ p(T*)}, it
follows that Eg, ple&r | TF] = a.

Finally, consider the conditional similarity of the CLR" test in part (b). Under
Hy, fix T = t and write ¢ = ¢t which is a realization of Q7. If ¢ > 0, let u =t/,/q
and define

K = (uTS*)?, J = S"T(Ip,,| — uuT)S".

By Cochran’s theorem (Theorem 1.5 of Shao (2003)), K ~ x3%,J ~ X|27’a3|—1’ K1 J
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Furthermore, Qs = K + J, Q% = ¢K, and QsQr — Q%7 = (K + J)qg — ¢K = qJ.
Substitution into (21) yields

1
LRh|T*=té§{K+J—q+\/(K+J+q)2—4qJ}.

This proves (22): all occurrences of X|27’n5|—1 therein represent the same random vari-
able J, x? represents the random variable K, and J I K. And this conditional
distribution is atomless: for ¢ = 0 it is X|27’a3\’ whereas for ¢ > 0 the displayed expres-
sion is a strictly increasing function of the continuously distributed random variables
J and K. Thus, with ¢, o = {LR" | T* > cv@, . (T*)}, the same probability-
kernel and quantile argument as in part (a) yields Eg, p[¢2; pn | T%] = o a.s., which

proves the conditional similarity. O]

Proof of Corollary 1

Let m = E(S*) = dA*, so S* ~ N(m, Ijp, |). By (18), the transformed Gaussian

experiment can be expressed as

()~ (o ) )
T (I|73aB| + 5@)6* B

And the testing problem becomes
Hy:m=0 against Hy :m e R\ {0}

Consequently, for every fixed ¢, S* | T* =t ~ N(m, Iip, 1) Since A is nonsingular
and ¢* € = = RPesl\ {0}, the set {m = SA&* : § £ 0, & € =} = RIPssl\ {0}. Thus,
conditional on T* = t, the weak-jump experiment is precisely the Gaussian mean
problem stated in the Corollary.

Next, consider the geometry of the two acceptance regions. First consider the

CLR" test. For t # 0, define

J(s,t) =sTs — K(s,t) >0, g=tTt >0,

where J > 0 is by Cauchy—Schwarz. And the test LR" = LR"(S*,T*) is a function
of §* and T*. Given T* = t for each fixed t € RIPsl, Qr = ¢, Qs = K + J, and
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20 = (t7s)2 = (t71) - U2 — gK. By (21),

tTt

LR = J{K 47— q+ &+ T+ 0 4K + 1) — K]}

1
:§{K+J—q+\/(K+J—q)2+4qK}.

Note LR" is the nonnegative root of the quadratic equation in ¢, 2 — (K + J — q){ —
Kq=0. Let ¢¢(t) denote the (1 — a)-quantile of the null distribution of LR"(S* 1),
where S* ~ N(0, [jp, ). The critical value satisfies ¢f(t) > 0. So

LRMS*t) < () <= ci(

where step (x) is due to ¢ (t)(c(t) + q) > 0. Moreover, if s is decomposed into a

component parallel to ¢ and a component orthogonal to ¢, namely
5=5,+ 51, where s, = uTsu, u=1t/V1t,

then K(s,t) = ||sp||* and J(s,t) = ||sL||*>. So the acceptance region of the CLR" test

conditional on T* =t is as follows

YIRS L
A=\ g5 i S

which is a closed, bounded ellipsoid with nonempty interior in the transformed co-
ordinates. If t = 0, then LR"(S* 0) = (5*)7S*, so in this case its acceptance region
becomes a closed ball. In either case the acceptance region is convex and its boundary
is a Lebesgue-null set.

For the CLR test under the general heterogeneity case, define

{8Apsp+(1+06,)tp}>
Fs(s,t) = Lperoy —oarirstyt - 0 ER

(Ap5p+9ptp)2 —
ZPEPuB )\?)+€% 5 = 400

S7



If ¢*(t) > 0 is the critical value used by ¢&; , given T* = ¢, then
LR(s,t) < c*(t) < sup Fs(s,t) —tTt < c*(t) < Fs(s,t) <tTt+c*(t), Vo
5
So its acceptance region is

AL @) = (N {s: Fs(s,t) < tTt+c*(t)}, (S3)

SeR

where R = R U {—o00,+00}. Note that, for each § € R, the function Fs(s,t) is a
quadratic form in s so it is a continuous and convex function, which means each
sublevel set member of the intersection (S3) is convex and closed. Therefore Ag;%(t)

is closed and convex. Moreover, when § = +o00, note

2
Fio(s,t) = Z )\22’92 < Sp + 0;) — 00, as |s|| = o0
PEPap P T VD P

and that Fli.(s,t) is continuous in s. Therefore, the set {s : F_(s,t) < tTt +
AN {s: Fioo(s,t) <tTt+ c*(t)} is bounded. So AG;%(t) is bounded. Moreover,
F5(0,t) < t7t for every §, with equality at § = 0, and hence LR(0,t) = 0. And
according to the proof of Theorem 4, sups Fs(s,t) is continuous in s. It follows that
Acr(t) has nonempty interior for containing {s = 0}, and its boundary is Lebesgue-
null by the continuity of sup; Fs(s,t) in s and the convexity of A5;%(t).

It remains to invoke the complete class result in Birnbaum (1955) in which the

following exponential family, with a k-dimensional parameter 1, is considered

fw()—exp{ o+ZwH + to )} (S4)

The random vector S* ~ N (m, I|p, |) has density fn(s):

|PGB’ log(?w)}

1 1
funls) = exp {2l +-mTs — 2 s -

Therefore, linking to (S4), to(s) = —||s||*/2 — (|Pay|/2) log(27) is continuous, which
verifies Birnbaum’s Assumption 2. Let S denote the support of S*, let

S'={s:a"s+ ag < 0}, llall = 1,
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be any half-space, and let sy ¢ S’. Choose a bounded neighborhood U of sy such
that inf.ep(a’™s + ap) = € > 0. For r > 0, set m, = ra. Under N(m,, Iip, ),
P, (S") = ®(—r — ag). For all sufficiently large r, the Mills bound ®(—x) < ¢(z)/z

therefore yields, uniformly over s € U,

¢p(s —m,)
P...(S)

s> a?
Is] +0—|—r(aT8—i—a0)}

> (2m)~Poa 2 4 ag) exp {1 4 &

> Cy(r+ ag)e™ — oo,

where Cyy > 0 is independent of r. This verifies Birnbaum’s Assumption 3. By
Theorem 4 of Birnbaum (1955), tests that are almost-everywhere equivalent to tests
with open convex acceptance regions form a minimal complete class. Since both A5 %
and Aé_LO;%h differ from their open interiors only on a Lebesgue-null boundary, both
conditional tests belong to this minimal essentially complete class. Thus ¢, and

©& g are admissible in every fixed-¢ conditional experiment by minimality.

S2. Justification of the Limit Problem

The following proposition supplies the link between the finite-sample testing proce-

dures and the Gaussian limit experiment.

Proposition 1. Fix fy € R and |P,,| < co. Suppose that Assumptions 2, 1’, and
3 hold, that c,, is positive definite for each p € P,,, and that &, is a consistent

estimator for ¢,,. Then

(52(50): Tz (Bo), AulBo), ©n(B0) ) < (57,17, A, ©).

Suppose additionally that the plug-in conditional distribution functions are contin-
uous and strictly increasing at their (1 — «)-quantiles almost surely, the numerical
maximization error in (28) is op(1), and the number of conditional Monte Carlo draws

satisfies M — oo. For the CLC test, suppose also that

<S:L(60)7Dn(60)7&n,2(60)7[\n(ﬁ0)7én(ﬁO)) i> (S*aDvai(D7A7 ®>7A7 @)7 D = AT*;
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where a; is a measurable [0, 1]-valued function. Under Hy : 8 = f3y, the feasible LM,
CLR, CLR", and CLC tests in Algorithm 2 satisfy, respectively,

P{reject Hy} — a.

Consequently, inversion of any one of these tests yields pointwise asymptotic coverage

1 — « at the true value of .

Proof. The proof is immediate because the conditioning statistics are minimal suf-
ficient for the jumps and complete, yielding a Neyman structure, which means con-
ditional similarity. Hence weak convergence and the continuous mapping theorem
imply equality between the power functions in the limit problem and the limits of the

power functions in the finite-sample problem. m

S3. Additional Results under Strong Identification

This section presents additional results under strong identification. The first result
establishes that, under additional regularity conditions, the LM and LTT-GLS tests
are asymptotically equivalent against local alternatives of order 1/4/n. The second
result shows that the LM and CLR tests are asymptotically equivalent and that the
LM test is uniformly most powerful unbiased (UMPU). Taken together, these results
suggest that the LTT-GLS, LM, and CLR tests are all asymptotically efficient under

strong identification, subject to the stated regularity conditions.

Proposition S1 (Equivalence between LM and LTT-GLS under strong identifica-
tion). Suppose the process Z admits representation (2) and Assumptions 1’; 3 hold.
Additionally, suppose there exists a sequence of stopping times (7,,)m>1 tending to
infinity and a bounded sequence of constants (K,,)>1 satisfying the following condi-
tions for every m > 1: (i) for some constant s € (0,2), ||b:|| + ||oc]| + oz || + S (|lz]|° A
1)Fy(dx) < K, for all ¢t € [0,T,,,], where Fy(-) is the spot Lévy measure of the jump
5|2

process J; (ii) for some s > 0, E[|oiar,, — Tsnr,,|?] < K|t — for all s,t < o0.

Counsider the local alternatives

Bn = fo + dAY?, deR. (S5)
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Recall vg, = hjcq,ho and vy, = (goc 1go)~1 and let sz( = AX,, be the p-th X-jump;
define

I*EZ@

PEPap USp

> 0.

Let () = (Cnjip)— +Cnjip)+)/2 be consistent for ¢, , and construct LM, by replacing
(Zp, ca,) in (16)—(19) with (A, V2AR ) Z, ¢ni0). Let the OLS estimator B, satisfy
Bn — B = op(1) along each sequence in (S5), and set

R 5 s . X (A X)?
Ughsp = (_5717 1)Cn,i(p)(_6na 1)T7 In Z %7

PEPap USnp

and define the squared LTT-GLS Wald statistic

A

I,
Wirr-cLsn = K(ﬁGLS Bo)?.

Then, for every fixed d € R, the following statements hold:

(a) The signed square roots of LM,, and Wyrr.grs, satisfy

JXS, (B
Kiymn = Kurr-grs, + op(1) \/— P 2(fo) +op(1), (S6)

pepaB 'USJ)

where LM, = K3, and WirraLs, = KETT_GLSJL. Consequently,
LM, — Wirr.crs, = op(1). (S7)
(b) Conditionally on F,

(LM, Wirrcrsn) =% (Qu, Qa), Q4 | F ~ 3(d*T).

Hence, with ¢, = X} 1_4,
Pgn(l{LMn > Ca} 7& 1{WLTT-GLS,n > Ca}) —0
(c) If, in addition, LTT’s Assumptions 4 and 5 hold so that the LAMN argument
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in Theorem 3 of Li, Todorov, and Tauchen (2017) applies to the selected event
experiment (or its fixed-arrival conditional-Gaussian analogue applies), then the

LTT semiparametric efficiency bound is
T — (I*)_l )
Thus the two tests have the same local noncentrality parameter d?/3* = d*Z*

and are generated by the same semiparametrically efficient central sequence.

Proof of Proposition S1. An argument essentially identical to that of Lemma 1
in Li, Li, Patton, and Wei (2026), extended to the bivariate case, yields the following

coupling result:

i )Z - J;(gn + AiL/QUap ' \IIP + OP(A}/Z)J VP S PaB (SS)

i(p
where U,’s are i.i.d. standard bivariate normals and g,, = (1, 3,)7. Put

_ ALY —BAn X
Znp= 0PN Z, S, = 02y = —2 ggm» = Sup(Bo)-

Since hlgo = 0, hiea = 1, and g, = go + dv/ A, e, the coupling result in (S8) gives

Sy, =dJX + hio, ¥, + op(1). (S9)

In particular, ng = Op(1) for every fixed d and for each p. First, rewrite the
LM statistic. Denote T, = ggégé(p)in’p/(ggé;;(p)go),@gmm = hiCnipho, 0%, =
~—1 -1 3 — ~ - * ~ * 0
(ggcn,i(p)go) g )‘2710 =V U%mp/vgm,p' Let Sgip - Sg,p/ Y% Ug,nvp and TT(L):p - Tg,p/ U%n,p'
Then the numerator and denominator of the finite-sample version of the LM statistic

in (19) satisfy the following identities:

R T0 SO ~ TO )2
50 soegos — TnoSup 50 yaipon _ Tny)
V3 np USn.p

Define the restricted jump estimator on the original scale by j,ffi,o = \/AanL),p. Using
(S8),

TA—1 n
JX0 _ gocn,i(p)Ai(p)Z
n,p TAa—1
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gTéni (T} es + 04,¥, + 0p(1

90Cni(p)90

Notice that volatility estimation error does not contaminate the leading jump term.

Choosing the sign of the LM square root to agree with its score numerator gives

2 Pa jg,OSO /USn ']ng
Kiyn = P o A);po pl/Q = Z ” L+ op(1). (S11)
{ZPEPGB (‘]"»b ) /@S,n,p} pePOB Sp

This follows from (S10) and 0%, , = vs, + op(1).
Next, expand the LTT-GLS statistic. Because ¢, , LN Cq, and B, LN [Bp under
(S5), LTT’s optimal weight in their equation (4.5) satisfies

" é Bn) 2 L », 1
W \Cni(p)—; Cn s Pn) — =~ = N -
) T (=B D) (Cnitp)— + Cripy+) (=B, )T 0555, Us,p
(S12)

Moreover, (S8) gives A )X = JX 4+ Op(VA,) and hence 7, — T*. The WLS

identity in (9) now gives

ZPEPuB w*(én,i(p)f, én,i(p)+, Bn)An X A SO
ZpePuB w*(én,i(p),, Cri(p)+ 6n)Az(p)X2

Aﬁl/z(én(C‘B, w*) — fo) =

So the above and (S12) imply

Kirrarsn = \/? (Bn(OB, w*) — ﬁo)

) A XS, @Ggs -S89
_ PEPag (p) _ p/ Sn,p Z “p “~np +0]P’<1) (813)
In PGPaB S,p

Equations (S11) and (S13) prove (S6). Their common leading term is Op(1) by (S9),
so squaring proves (S7).

Conditionally on F, (S9) implies

2% N(dVTH 1),
\/—p;w U&p ( )

S13



because the conditional variance of 30, JXhjoa, ¥, is 3,(JX)? /vs, = Z*. Part (b)
follows by squaring. Since the limiting distribution is continuous at c¢,, the difference
between the two rejection indicators converges to zero in probability.

Finally, LTT’s optimal asymptotic variance in their equation (4.8) is

2(J;) (J;)°

~1 ~1
E* = == —_— — (I*)_l.
{pez’P;B hg(cap_ - Cap)hO } (pezPEB Us.p )

Under the LAMN restrictions of LT'T’s semiparametric efficiency analysis, their Theo-

rem 3 shows that this bound is sharp. Equivalently, profiling the unrestricted nuisance

jump size J, from the pth conditional Gaussian likelihood gives the Schur-complement

information
—1, 32 X\2 X2
(JX)2 6Tc—le . (G;Cp 90) - (Jp ) o (‘]p )
p 2%p *2 T.—1 S S :
Jo Cp go OCP 0 US,p
Summing over announcements yields Z*, which proves part (c). ]

Proposition S2. In the Gaussian limit experiment (15) with P = |P,,|, let A\, >
0, 0, & = &/ /U1y and § = B — By be as in Theorem 4, A = diag((},),), and
7(1) = P{x1(7) > x71_o}- Consider drifting parameters under strong or semi-strong

identification and the local alternative

£, = Ty, Trn — 00, O = d/rp, deR, (S14)
for fixed u = (uy,...,up)T € R and define
u? (X, wpA )2
w, = —2—, R(w,\) = ~=2 2/ r=d®y Nl
R SRt

(a) Along the local alternative (S14), the tests ¢y and @orr with critical values
computed conditionally on 7™ are asymptotically UMPU, and the local power

functions satisfy lim, Es, ¢ [¢@ra] = lim, Es, ¢« [porr] = 7(7).

(b) The statistics LM" = Q%;/Qr and LR" of Theorem 4(b), each with its exact

conditional critical value, satisfy lim, Es, ¢+ [¢"] = 7(R(w, \) - 7).
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(c) With Apin = min, Ay, Apax = max, A, (the extrema may be restricted to {p :

wy, > 0}),

4)\rnin)\mam

1 > R(w,\) > R)\E()\ )

If Amin < Amax, equality on the left holds iff A\, is constant on {p : w, > 0},
and equality on the right holds iff w puts mass Apax/(Amin + Amax) on {p :
Ap = Amin} and the remainder on {p : A\, = Anax}. If Amin = Amax, both
inequalities are equalities. Thus R, is sharp uniformly over the unknown jump-

size configuration.

(d) Since 7 is strictly increasing,

0 < liqgnE[cpCLR] — liqgnE[goCLRh] =m(T) — W(R(w, )\)T)
< G(Ry) < Culog(1/Ry),

where G : (0,1] — [0,1 — «) is defined by G (k) = sup,so{7(t) — m(xt)} and
is strictly decreasing, with G(1) = 0, and Cy = sup;ot7'(t); at a = 0.05,
C, =~ 0.435 and, e.g., G(0.99) ~ 0.004, G(0.9) ~ 0.046, G(0.75) ~ 0.124,
G(0.5) ~ 0.292, G(0.19) ~ 0.609.

Proof of Proposition S2. (a) Write the generic term of (20) as f,(6') = {d'A\,S; +
(L+0"0,)Tr 32 /{07 X2+ (1+0"6,)%}, s0 LR = supg g >, fp(8) — Qr. Two elementary
facts drive the argument. First, for every ¢’ (including ¢’ = +o00), put a = ')\,
b =146, and D = a* + b>. Then g,(0') = a*/D, V¥*/D = 1 — g,(¢§), and
lab|/D = {g,(8")(1 — g,(&"))}*/2. Expanding the square gives

(aSy + bT;)2 — (a® + bQ)(T:;")2 B a2[(5;)2 — (T;‘)Q] + 2abS; Ty

18) = (1) = — - =

= g8 (1)) + 225y

The desired bound is just a control of the cross term: indeed,

2(5;)" = 390 (I)(T)* = {£,(0") = (1;)"}
= {2 = 0o()HS)" + 39N =25 5T = 0,
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because the discriminant of the quadratic polynomial is non-positive. Hence

PN
022 + (14 6'0,)%

Fp(0) = (13)" < 2(S5)* = 59()NT)%, gp(O)

(S15)

where g, is continuous on R and vanishes only at & = 0. To see why this concentrates

the profiled maximizer near zero, sum (S15) over p:
* 1 *
S~ Qr <2335~ 5 3 0 0)(T;)
p p p

The scale ), in the first display below comes only from rewriting the mean of S in

terms of the standardized jump size:

55 (% % * * *
) /?)g =0 fgp = 5)‘17 D) ]E&E* [Tp] - (1 + 69}7)6”'
P P

Ese-[S)] =
Thus, along (S14),
S; = d)\pup + Op(l), T; = TnrUp + depup + Op(l) = TrUp + O]p(l),

50 3,(Sy)? = Op(1). The negative term, by contrast, is large once [0'| is larger than
the local scale 1/r,,. Indeed, on the local annulus M /r, < |0’| < ¢, for & small enough,

gp(0") > ¢ 6”2 uniformly in p for some ¢ > 0, and therefore

Y g(6NT)? > crad® D> N+ op(rad?) > eM? Y Xou? + op(1).
p

p p

Outside any fixed neighborhood of zero, continuity of g, and u # 0 make >, g,(’ )u;
bounded away from zero, so the same negative term is of order r2. Hence, after

choosing M large, with probability approaching one,

sup {Z fp(0") — QT} < 0.

|6"=M/rn  p

Since the objective equals zero at 6’ = 0, the profiled supremum is attained, up to an
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op(1) error, inside |0'| < M/r,. Second, use the exact identity

£ — (T = I N {21+ 80,)S3 T + 5N\, ((S5)? — (T;)Q)}'
P P 02A2 + (1 +6'0,)?

Evaluating at ¢’ = h/ry, uniformly over |h| < M, the denominator §\2+(14-0'6,)* =
14 2h0, /1, + B*(02 + X2) /12 = 14 o(1) and

hA hOp\ qurpoe .
o 2(1+ Tnp)spr = 20\ u, S + 0s(1),
h2A2

5 ((55)° = (T5)7) = =P°Xpu; + oe(1),

T

because T /1y, 5 u, and (Sx)?/r2 5 0. Summing over p yields

pr(h/rn) — Qr = 2h{Au, S*) — h?||Aul|* + op(1).

Maximizing the limiting quadratic in h gives

(A, 5%)?
And note
w2 * 2 .
I (Zp )\pSpr) _ (rn > App Sy +0[p>(7”n)) _ (Au, S*)* + op(1).

2y ML) T 2 Mgty + 0p(17) [[Aulf?

Thus LR = LM + op(1). Since S* ~ N(dAu,I) along (S14), LM = X3 (7) with
noncentrality parameter 7 = d?||Au||?>. The same expansion under Hy conditionally
on T* = t* with t* /r, — u yields LR | T* %5 x2 and hence cv&, 5(T*) = X1.1_o; the
LM test needs no argument since LM | T* ~ x? exactly. It remains to spell out the
efficiency claim. Along (S14), conditioning on T* asymptotically fixes the nuisance
direction, because T /r, L . The relevant limit experiment for the local parameter

d is therefore the Gaussian shift

S*=dAu+e, e ~N(0,Ip).

S17



All information about d is contained in the scalar projection

(Au, S*)
Zy=~—1—" Zy, ~ N (d||Au|), 1),
Tt (dAa, 1)

since the component of S* orthogonal to Au has a distribution that does not depend

on d. Equivalently, the log-likelihood ratio in the limit experiment is

dP,

*\ * _} 2 2
log aB, (S*) = d{Au, S™) 2d || Aul|=.

Thus the efficient information is ||Au|* and the local noncentrality is d*||Aul]* =
7 = lim, 07 3, &2 /vsp. For the two-sided normal mean problem of testing Ho : 1 =
0 against Hy : n # 0 given Z, ~ N(n,1), the following identities verify the two
conditions of Theorem 4.4.1 of Lehmann and Romano (2005):

PO(ZU < Za/2 O Zy > Zl_a/g) =«
Euo[Zu1{Zy < 2a2 Or Zyy > 2102} =0

where z,/2 and z1_,/2 are the lower and upper a /2-quantiles of the standard normal
distribution, respectively. Therefore, the equivalent chi-square test 1{Z? > X%,l—a}
is the uniformly most powerful unbiased (UMPU) level-a test with the local power
function P{x3(7) > X3, o} = 7(7).

(b) In the semi-strong/strong identification cases, Qr — oo. Moreover, LR" =
LM" 4 0p(1) and cv@; i (Q1) — X1.1_q follow from (22).

(c¢) With Ay = miny A, and A\pax = max, A, it follows that
AminAmax @ (X, wpAp)? D)

< R(w, ) = <1

R
=A <>\min + )\max)z N Zp wp)\zz) N

To prove inequality (i), let A = dop WpAp. Since Apin > 0, 3, w, = 1, and Ayjn <
Ap < Amax on the support of w, it follows that

0 S ()\p - Amin)(Amax - )\p) - )\12) S (>\rnin + )\max>>\p - )\min)\max
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Multiplying by w, and summing over p therefore yields
Z wp>\127 S ()\min + Amax)j\ - )\min)\max'
P

Consequently,

R(w, \) > _ ,
(w ) a (/\min + Amax)/\ - >\min)\max

5‘2 . 4)\min)\max
()\min + /\max)j\ - )\minAmax ()\min + )\maX)Z
((Amin + )\max>5\ - 2/\min)\max)2

= — > 0.
()\min + )\max)2 (()\min + Amax))\ - Amin)\max) -

The denominators are positive because A, > 0 and )€ [Amins Amax)- This proves
inequality (7). If Apin < Amax, equality holds iff A\, € {Amin, Amax} on the support of

w and

- 2 A min A

A — min-‘‘max
>\min + )\max ’

or, equivalently, the total weights assigned to Apin and Apax are Apax/(Amin + Amax)
and Amin/(Amin + Amax), respectively. If Ay = Apax, the bound holds with equality

trivially. Finally, weighted Cauchy—Schwarz gives

2
(Z wp)‘p) < (Z wp) (Z wp/\127> - pr/\f,,
) ) ) )

which proves R(w,\) < 1. Equality in Cauchy—Schwarz holds iff A, is constant on
the support of w.

(d) 7 is strictly increasing because x3(7) is stochastically increasing in 7. For the
log bound, 7(t) — m(kt) = [ltn'(ts)ds < Cylog(1/k), using ©'(1) = H{P(E(1) >
Xi1-a) =POA(T) > Xi1-a) O
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S4. More on Empirical Applications

S4.1 Confidence Sets for the Fed Information Effect

Table S1: Identification-robust 99% confidence sets for policy-news responses

FOMC day A. Real yield B. Dividend price C. Stock return Method
2025-09-17 [0.429,0.937] [—2.189,13.218] [—0.077,0.018] AR
2025-10-29 [0.436,1.222] [—16.086,0.070] [—0.003, 0.093] AR
2025-12-10 [0.362, 2.606] [—9.583, 15.780] [—0.528, —0.106] AR
2026-01-28 R R R AR
2026-03-18 [0.117,0.967] [—7.164,4.227] [—0.113,0.023] AR
2026-04-29 R R\ (—2.359,12.570) R\ (—0.020,0.051) AR
2026-06-17 [0.584,0.875] [—0.881,5.283] [—0.084, —0.031] AR
2026-07-29 [0.005,0.226] [1.139,5.421] [—0.050, —0.027] AR
2026-09-16 [—0.651,0.174] [—1.810,5.798] [—0.052,0.010] AR
Pooled [0.435,0.572] [0.61, 3.36] [—0.049, —0.029] CLR

Notes: Announcement-specific sets use AR with x? critical values; pooled sets use CLR with a
common 3 across 9 meetings. All panels use X with the normalization described in Figure 5. Units
are bp (panel A) or log-return percentage points (panels B and C) per SOFR5-equivalent bp. Panel
B uses 180-day dividend prices inferred from put—call parity; Panel C uses the S&P 500 index.
Covariance estimates use k = 0 and k,, = 30 (panel A) or 28 (panels B and C); PCA weights are
treated as fixed. Table 2 reports the corresponding 95% sets.
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S4.2 War-Related Oil News

Tables S2 and S3 report the news events in panels (a) and (b) of Figure 6, respectively.

Table S2: Oil news related to the Russia—Ukraine war

Return (%)

Date ET News and source WTI  TLT

e 2022-02-11 13:327 U.S. believes Putin has decided to invade (pre-invasion) 0.73  0.073
PBS reporter on Twitter; news at 13:28

o 2022-03-03 12:40 Round-two talks end: only humanitarian corridors agreed —0.10 0.008
Podolyak on Twitter

o 2022-03-07 12:50 Round-three talks end: small progress on corridors —0.17 —0.039
Podolyak on Twitter

o 2022-03-14 09:55 Talks pause until the next day; working groups go on —0.35 —0.075
Podolyak on Twitter

o 2022-03-15 15:36 Day’s talks end: deep differences, room for compromise 0.02 —0.008
Podolyak on Twitter

e 2022-03-16 10:157 Progress on a 15-point ceasefire and neutrality plan —-0.77 —0.067
FT report, relayed by LiveSquawk; news at 10:12

o 2022-03-16 12:45 Kyiv: the FT draft reflects only Russian demands 0.07  0.008
Podolyak on Twitter

o 2022-11-15 13:41 Russian missiles crossed into Poland, killing two people —0.08 0.011
AP alert citing a U.S. official; later corrected

o 2023-07-19 11:10 Ukraine-bound ships deemed potential military carriers —0.05 —0.031
Interfax (Russian Defense Ministry)

o 2025-10-16 13:11 Trump announces a summit with Putin in Budapest —-0.12 —-0.016
Trump on Truth Social

o 2025-12-15 11:03 U.S. official: Berlin talks on Ukraine very positive —0.04 0.030

Reuters alert

Notes: Events plotted in Figure 6, panel (a).

Times are New York time and denote the start of

the one-minute return interval. Returns are in percent, rounded to two decimal places for WTT and
three for TLT. Filled and open circles denote WTI returns above and below truncation, respectively.
t marks the first WTT threshold crossing after the news; the original news times are given in the

source lines.
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Table S3: Oil news related to the Iran war

Return (%)

Date ET  News and source WTI  TLT

o 2026-03-11 10:05 TEA members agree to release 400 million barrels —-0.29 0.016
Reuters alert (IEA)

o 2026-03-18 09:59 Iranian gas flows to Iraq halted after South Pars attack 0.12 0.025
Reuters alert (Iraqi official)

o 2026-03-18 14:35 QatarEnergy: extensive damage from Ras Laffan attack —0.04 0.003
Reuters alert

o 2026-04-08 10:31 Fars: Hormuz tankers halted over alleged Israeli breach 0.34 —0.015
Reuters alert (Fars news agency)

o 2026-06-12 12:14 Pakistan PM: final text of Iran-U.S. peace deal agreed 0.14 0.012
Reuters alert

o 2026-06-15 11:36 Senior U.S. official: U.S. has signed an MOU with Iran 0.00 —0.007
Reuters alert

o 2026-07-07 14:46 U.S. revokes Iran-related General License X 0.20 —0.002
Reuters alert (Treasury website)

e 2026-07-13 10:16 Trump reinstates the blockade of Iran 1.14 —0.178
Trump on Truth Social

e 2026-08-25 11:33 Oman, Iran discuss phased reopening of Hormuz navigation —-0.35 0.044
Reuters alert (joint statement)

o 2026-10-01 12:36 New U.S. sanctions on Iran, aimed at rail and auto groups 0.18 —0.032

Reuters alert (Treasury website)

Notes: Events plotted in Figure 6, panel (b).

Times are New York time and denote the start of

the one-minute return interval. Returns are in percent, rounded to two decimal places for WTT and
three for TLT. Filled and open circles denote WTI returns above and below truncation, respectively.
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S5. Additional Simulation Results

Table S4 repeats Table 1 with oracle spot covariances on the same simulated paths.
AR and conditional-test rejection rates fall from 5.42-6.90% to 4.67-4.99%, close to
the 5% nominal level, supporting the attribution of their mild size distortion primarily
to finite-sample error in large-k covariance estimation. LTT remains substantially

oversized under weak identification.

Table S4: Null rejection percentages at the 5% nominal level with oracle spot volatilities.

T AR LM/K CLR CLR" CLC-tyqpp CLC-¢pp  CLC-éxps LTT-GLS LTT-OLS

0 4.68 491 4.87 4.71 4.99 4.99 4.99 5.62 5.12
0.1 4.68 4.84 4.79 4.72 4.92 4.92 4.92 6.09 5.90
0.3 4.68 4.94 4.78 4.72 4.95 4.95 4.95 11.41 10.46
0.5 4.68 4.73 4.73 4.67 4.74 4.74 4.71 30.54 25.92

Notes: Entries repeat Table 1 on the same 10,000 paths with the true spot covariances cq, and c,,—
of the discretized benchmark DGP in place of ¢, ;)4 and &, ;(p)—; critical values, simulation draws,
and random seeds are unchanged. Monte Carlo standard errors are about 0.22 percentage points for
entries near 5%.

S23



References

ALIPRANTIS, C. D., anD K. C. BORDER (2006): Infinite Dimensional Analysis: A
Hitchhiker’s Guide. Springer, Berlin, 3 edn.

BIRNBAUM, A. (1955): “Characterizations of Complete Classes of Tests of Some
Multiparametric Hypotheses, with Applications to Likelihood Ratio Tests,” The
Annals of Mathematical Statistics, 26(1), 21-36.

LeEaMANN, E. L., anp J. P. RoMANO (2005): Testing Statistical Hypotheses.
Springer, 3rd edn.

L1, J., Q. L1, A. J. PaTTON, AND J. WEI (2026): “A Fixed-k Bipower Jump Test,”
Working paper.

L1, J., V. TopOROV, AND G. TAUCHEN (2017): “Jump Regressions,” Econometrica,
85(1), 173-195.

SHAO, J. (2003): Mathematical Statistics. Springer, 2 edn.

524



	Introduction
	Setup and Assumptions
	Weak-Jump Asymptotics
	A Review of the Strong Identification Case
	Jump Regressions under Weak-Jump Asymptotics

	The Anderson–Rubin Test
	Inference in the Limit Experiment
	Conditional Inference in the Gaussian Limit Problem

	Simulation Evidence
	Empirical Applications
	Infill-Asymptotic Analysis for the Fed Information Effect
	Analysis of Oil Shocks by Wars
	Jump Beta between ETFs with FOMC Announcements

	Conclusion

