
What is a Monetary Policy Shock?
Paul Bousquet∗

July 31, 2026
preliminary

[Click here for latest version]

Abstract

This paper explores a new microfoundation for monetary policy shocks: randomness in reaching a consen-
sus. I argue high-frequency movements in interest rate futures around monetary policy announcements
plausibly identify these shocks, but show the measurement can be contaminated even absent "informa-
tion effects" or risk premia. Empirical tests show suggestive evidence of this new form of contamination.
Because sizable shocks are rare, there are unavoidable difficulties for these high-frequency changes to be
useful for estimating the effects of monetary policy using low-frequency macroeconomic aggregates, even
absent measurement issues.
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1 Introduction

The transmission of monetary policy is typically characterized with an impulse response function, the re-

sponse of the macroeconomy to a random deviation from a fixed decision rule. Though this disturbance

to the systematic behavior of policymakers, a "structural policy shock", can always be coherently defined

within a model, it’s unclear why we should expect such an object to exist in reality. Policy shocks are

usually represented as i.i.d. (a trembling hand), but this is equivalent to a policymaker who "flips coins"

and is highly counterfactual relative to how involved policy deliberations are (Leeper et al., 1996; Nakamura

and Steinsson, 2018b). Many common rationalizations are explicitly not exogenous changes in policy. For

example, shocks are sometimes described as corresponding to discretionary acts, but the timing of discretion

is not chosen arbitrarily (Debortoli and Lakdawala, 2016; King and Lu, 2025).

This paper provides a microfoundation for policy shocks and gives explicit conditions under which popular

approaches identify them. Policy shocks occur because there is randomness in reaching consensus about the

correct interpretation of data.1 Beyond being an intuitive description of policy by committee, this mechanism

is reflected in the data: monetary policy uncertainty is larger when there is more public disagreement about

the trajectory of the macroeconomy. Structurally, the distinguishing feature of these shocks is higher-order

moments of their distribution depend on the state of the world. These shocks also provide a theory of

forward guidance. Away from the zero lower bound, forward guidance is typically modeled as a collection

of orthogonal news shocks, but the news is not random and certainly correlated across the term structure

(Bianchi et al., 2024). In contrast, the interpretation of data the central bank arrives at today will affect

how data are interpreted in the future, generating a multi-horizon shock from a single stochastic event.

"Policy surprises", changes in policy expectations measured at high frequency in a narrow window around

policy announcements, are popular instruments for estimating the effects of policy. Current work using high-

frequency instruments takes the existence of a policy shock as given and imposes strong assumptions on the

measurement of shocks via surprises (Miranda-Agrippino and Ricco, 2021; Bauer and Swanson, 2023a; Casini

and McCloskey, 2026; Casini et al., 2026). This paper formally shows general conditions under which this

approach is valid. For monetary policy specifically, the policy shocks in this paper are consistent with

the interpretation of high-frequency surprises considered by Caballero and Simsek (2022); Sastry (2026) and

explain why surprises have a state-dependent distribution. Of course, policy surprises can still occur for other

reasons that will not satisfy the assumptions for validity. A commonly voiced concern is measurement can be

compromised by superior information that policymakers have about the economy or their systematic policy

1More generally, the ideas are also found in the literature on stochastic choice (Luce, 1959; Block and Marschak, 1960;
Caplin and Martin, 2015; Fudenberg et al., 2015; Flynn and Sastry, 2023, 2024); even with a willingness to incur any reasoning
or attention costs, a decisionmaker’s uncertainty can lead to state-dependent randomization over options.
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response.2 In companion work (Bousquet, 2026a,b), I find these factors are not quantitatively important

threats to identification, in line with existing comprehensive overviews of U.S. data (Bauer and Swanson,

2023a,b; Sastry, 2026; Acosta, 2026). But contrary to existing conjecture (Nakamura and Steinsson, 2018a,

fn. 20; Bauer and Swanson, 2023a, p. 119), I show the closing off of this "learning from the policymaker"

channel is necessary but not sufficient for high-frequency identification to work. Even if the central bank’s

beliefs are viewed as purely subjective, differences in beliefs themselves are not valid instruments and can

contaminate the measurement of shocks. The most straightforward test of this channel is whether high-

frequency surprises satisfy properties of rational expectations, but ostensible violations can appear ex post

even when expectations were formed optimally in real time (Bauer and Swanson, 2023a; Eva and Winkler,

2023). For U.S. surprises, it appears that tail events do not occur at a frequency consistent with market

expectations. Though sample size limitations make these exercises only suggestive in nature, there will still

be problems for empirical estimation even if expectations are rational because forecast errors about beliefs

can act as additional measurement noise. I conclude with a simple quantification of how an econometrician

will struggle to estimate the effects of monetary policy when shocks are small. Policy shocks themselves are

small, meaning there is a low ceiling on the signal-to-noise ratio (Ramey, 2016; Nakamura and Steinsson,

2018a,b) and any contamination exacerbates this problem.

2 A Short Primer on Identification

Shocks are commonly defined as disturbances to a fixed policy decision rule (a random change in the rule’s

intercept). At face value, we might think the effects of shocks and systematic policy are disconnected, so it’s

useful to establish the means and challenges for shocks to be helpful. To fix ideas, let Ut be latent states

driving the economy, It be the anticipated path of interest rates, and Yt be future economic conditions.

We want to estimate the effects of It on Yt, but the classic simultaneity problem is Ut drives both. This

problem is solved if we find some instrument zt that affects It but is not caused by Ut.

It Yt

Ut

zt

Figure 1: Causal diagram.

zt here is really a "meta-instrument" – it satisfies the no simultaneous determination property for all

future economic conditions. For all practical purposes, we can think of "meta-instruments" as equivalent

2Notable contributions for each case include Romer and Romer (2000); Nakamura and Steinsson (2018a); Jarociński and
Karadi (2020); Miranda-Agrippino and Ricco (2021) and Bauer and Swanson (2023b); Cieslak et al. (2019).
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to the previous definition of policy shocks, but this structure is more than is really required.3 In the spirit

of Sims (1998) or the Cochrane (2004) discussion of Romer and Romer (2004), instruments can be valid

for one outcome variable in Yt and not another (e.g., a supply shock to trace out the demand curve).

Such an instrument allows researchers to recover summary statistics of the causal effects of policy. Suppose

we are interested in the effects of it on Y H
t = {Yt+1, . . . , Yt+H} ∈ Yt. Define marginal policy effects as

θh
t (i) = ∂Y H

t (i)
∂i . If we can find some zY

t that is a determinant of it but is unrelated to the future determination

of Y H
t , then we can estimate something that will be informative about the effects of it on Y H

t .

Proposition 1 (summarized): If zY
t is orthogonal to the joint distribution of Y H

t (·) (given the time t

filtration), then a linear projection of Y H
t on zY

t estimates a positively weighted average of θh
t (·).

Because similar results are well-known (Imbens and Angrist, 1994; Yitzhaki, 1996; Rambachan and Shep-

hard, 2025; Kolesár and Plagborg-Møller, 2025), an abbreviated result is presented here with more formal

assumptions and statement included in the Appendix. It’s worth taking the time to state such a result

nonetheless because it makes the conditions needed for identification clear. For example, this statement is

entirely in terms of "nature’s" expectations of Y H
t (formed with the full information set and true probability

measure). Later, we will consider candidate instruments ẑt defined with different expectations (e.g., with

limited information about it directly) that do not estimate a summary statistic of policy’s systematic effects.

In fact, what is estimated may be divorced from the transmission of policy entirely.

Because policy shocks are not necessary to estimate the effects of policy, an alternative approach would

be dispensing with the shock paradigm altogether. But with notable exceptions (Cochrane, 2004; Coglianese

et al., 2025; Manuel and Wolf, 2026), virtually all identification approaches in macroeconomics rely on

policy shocks. Despite the lack of theory on their origins, current treatments take their existence as given

(Rambachan and Shephard, 2025; Kolesár and Plagborg-Møller, 2025; Casini and McCloskey, 2026; ?).4

The next section provides a microfoundation for policy shocks and links it explicitly to popular identification

approaches.

3 Consensus Monetary Policy Shocks

Why might there be randomness in monetary policy? Monetary policy is set by a committee. If the outcome

of committee deliberations was perfectly predictable, there would be no point in convening. Even if the

decision for the current interest rate target is essentially a given, policy committees also convene to think

3Shocks are actually a special case of a "meta-instrument" because the policymaker could systematically respond to some-
thing unrelated to its objectives, like how many stars it could see in the sky last night. This distinction is certainly unimportant
in application, so we will think of policy shocks as being the same as zt in Figure 1.

4Christiano et al. (1999) suggest random shifts in preferences and measurement error.
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about future decisions. In practice, these discussions boil down to how committee members expect the

economy to evolve, meaning that each member’s optimal decision will generally differ from everyone else’s.

So committees can be thought of as a single entity with an economic outlook that evolves with persistence

but also with some intrinsic randomness (Blinder, 2007; Riboni and Ruge-Murcia, 2010; Laarits et al., 2026).

Section 3.1 provides some supporting evidence for this interpretation. Section 3.2 formalizes a special case

of how forming consensus could lead to policy shocks. Section 3.3 establishes why popular identification

approaches would plausibly measure these shocks.

3.1 Motivating Empirical Evidence

Monetary policy committees presumably should be representative of the population (Reis, 2013). If disagree-

ment about the economy’s trajectory is a source of randomness, a representative monetary policy committee

should be more unpredictable when there is more disagreement within the public itself. To test this theory,

we can look at the distribution of changes in interest rate expectations in a narrow window around policy

announcements. Under an assumption that policy announcements do not reveal information about the econ-

omy, a significant high-frequency shift in expectations about future rates implies that policy decisions were

uncertain.

To measure belief dispersion, we construct a disagreement measure using panel data from the Blue

Chip Financial Forecast survey for 1993-2025. For inflation and real growth forecasts at horizons 1, 2,

and 3 quarters ahead, the cross-sectional standard deviation is calculated and standardized. Then these

six measures are aggregated together to create a single metric of macro-disagreement. For interest rate

uncertainty, we look at the absolute value of the change in 1-quarter-ahead Eurodollar futures (ED2) in

a narrow window around Federal Reserve events (Jarociński, 2024; Acosta et al., 2026). The zero lower

bound is excluded since movement in short-term interest rate futures was negligible during this time, and

unscheduled meetings are excluded to prevent results from being driven by outliers.5 Figure 2 suggests

higher-order moments of these high-frequency surprises depend on underlying disagreement. It’s commonly

noted that interest rate surprises are typically negligible, but the frequency of non-negligible events and

the mean of absolute surprises clearly increase with disagreement. An R2 of 10% from a single variable is

substantial relative to existing numbers in the literature on interest rate surprises (Acosta, 2026; Sastry,

2026).

5Another motivation for excluding unscheduled meetings is Fed staff forecasts are not available.
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Figure 2

To avoid false inference, we should establish whether disagreement about the state of the world is truly

the primitive driving force. The Appendix discusses some exercises to provide additional context, which are

summarized here. In general, we would expect disagreement to be driven by times when forecasting itself

is difficult. One indicator of a difficult forecasting environment is the size of forecast revisions. A similar

composite measure of forecast revision magnitude from the Blue Chip is indeed strongly correlated (.83)

with the disagreement measure. Though the difficulty of forecasting is endogenous to the state of the world,

I don’t find a control variable that attenuates the relationship. The positive relationship remains significant

when I control for the VIX, the real-time output gap, the economic policy uncertainty index (Baker et al.,

2016), and consensus forecasts themselves.

There are still some caveats on these results. Monetary policy uncertainty is endogenous to the com-

munication about the policymaker’s beliefs. The 1990s are a good example of why forecast dispersion does

not explain all of monetary policy uncertainty. Figure 3 shows that at the beginning of the 90s, monetary

policy uncertainty outweighed macro uncertainty, presumably because the Fed was still in the early stages

of becoming more transparent. A few years later, while there was extensive disagreement about whether

Alan Greenspan’s "productivity miracle" would materialize, the view of the Fed was resolute and known (low

policy uncertainty). The remaining sample shows a much stronger association between disagreement and

surprises. Next, we derive a simple policy rule in which the central bank puts weight on its own view and

on the public average, with these weights evolving randomly.
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Figure 3: Blue Chip forecast dispersion vs. ED2 monetary policy surprises. NBER recessions are shaded in gray and periods

at the zero lower bound are shaded in blue.

3.2 A Special Case of Consensus Shocks

There are several ways to represent a decision as containing a random component because of a stochastic

aggregation of disparate views. A transparent, low-dimensional rule is the central bank puts some weight

on its own view and some weight on the prevailing public view, as in Caballero and Simsek (2022). For

simplicity, suppose the central bank follows a Taylor (1993) rule over Xt, where its own belief is X̂CB
t and

the average public view is X̄t. A rule of the form of Caballero and Simsek (2022) is

it = ωtϕX
CB
t + (1 − ωt)ϕX̄t.

It’s plausible that the accommodation of public opinion is not a constant over time. So let

ωt = (1 − ρω)ω̄ + ρωωt−1 + εω
t .

Using a quasi-local approximation, we can consider this a special case of the rule above, but with a state-

dependent monetary policy shock

it = ω̄ϕXCB
t + (1 − ω̄)ϕX̄t + ω̃t(XCB

t − X̄t),

where ω̃t = ωt−ω̄
ω̄ . The primary difference between this shock εm

t = ω̃t(XCB
t −X̄t) and a traditional monetary

policy shock is the endogenous dependence of its higher-order moments. Whereas an i.i.d. white noise shock

amounts to consulting a "coin flip" when setting it (Leeper et al., 1996; Nakamura and Steinsson, 2018b),

randomness that occurs as a part of a deliberative process will generally not leave the same clean residual.
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3.3 Are Surprises Shocks?: Linking Consensus Shocks to Common Practice

A large literature beginning with Kuttner (2001); Cochrane and Piazzesi (2002) estimates the effects of

monetary policy using policy surprises like the aforementioned ED2, broadly defined as high-frequency

changes in the nominal yield curve in a narrow window around central bank announcements and press

events. Suppose the central bank really does follow the interest rate rule of the preceding section. Will

the high-frequency surprises measure these shocks? In the context of Proposition 1, this may seem to be

an overly strong requirement, as surprises could in principle be a valid instrument without measuring a

shock (a "meta-instrument"). But Proposition 1 picked out a specific instrument zY
t for a specific outcome

variable Y H
t . Policy surprises are simply measuring the change in expectations about future interest rates.

Because they are not targeted towards a specific variable, they must satisfy valid instrument conditions for

any variable we are interested in studying. So high-frequency identification must in general measure policy

shocks.

Though a special case of the consensus shock environment can lead to a correct measurement of shocks,

certain information structures can also pose problems. The consensus shock rule considered here can be used

to illustrate why information asymmetries have led to concerns about high-frequency identification. First,

XCB
t is not necessarily public knowledge. In this case, forecast errors of it, a particular type of monetary

policy surprise, will contain traces of XCB
t . Many go a step further, arguing that surprises are not valid

instruments ifXCB
t is formed with information not spanned by common knowledge (Nakamura and Steinsson,

2018a; Jarociński and Karadi, 2020; Miranda-Agrippino and Ricco, 2021). Though it appears central banks

are good but not above median forecasters (Bauer and Swanson, 2023b), it may still be taken as a public

signal about Xt if information is dispersed throughout the economy (Morris and Shin, 2002; Melosi, 2017;

Acosta, 2026). Also, the central bank may have private knowledge about ωt. In the simple case here, this

would translate to private knowledge about the form of its policy rule (Bauer and Swanson, 2023b). Broadly

defined, these two possibilities constitute a "learning" channel for monetary policy. Another possibility is

that because surprises are measured using financial assets, risk premia may distort measurement. It has been

conjectured that the absence of the "learning" and premia channels is a sufficient condition for surprises to

be valid instruments (Nakamura and Steinsson, 2018a, fn. 20; Bauer and Swanson, 2023a, p. 119).

In companion work (Bousquet, 2026a,b), I look at the typically discussed channels for measurement

contamination and find no role for a learning channel. For the purposes of this paper, we will take this

conclusion as given. Contrary to the earlier conjecture, Section 4 shows that the absence of a "learning

effect" in surprises is necessary but not sufficient for estimating the effects of policy. Returning to the

earlier illustration, when XCB
t is private information, it can still contaminate measurement even if it is
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regarded as a purely subjective belief that we don’t learn from. Section 5 estimates a model of dispersed

information in order to capture this belief disagreement channel. An econometrician in this environment

will struggle to estimate the effects of policy using surprises because policy shocks have low variance and

small contamination can have an outsized effect. Before proceeding, it’s worth exploring evidence for this

new form of contamination.

3.4 Are Surprises Shocks?: Evidence from Data

Arguably the most attractive feature of identification through high-frequency surprises is not having to

specify a policy rule, which inevitably will lead to extensive misspecification (Chari et al., 2009). The

true decision rule from the universe of data to a target rate decision is high-dimensional, and while low-

dimensional representations offer tremendous insight (Taylor, 1993), the fit is generally poor even at low

frequencies (Nakamura et al., 2025; Bousquet, 2026b). Because changes in systematic policy seem to occur

infrequently (Romer and Romer, 2023; Bianchi et al., 2026), market expectations should roughly track the

high-dimensional mapping between the universe of data and policy. At the same time, since central banks do

not follow a literal mathematical formula and there are frictions in communicating high-dimensional beliefs,

there is still ample room for market misspecification.

A corollary of rational expectations is any information available at the time of the forecast cannot have

been used to improve the forecast. An ostensible violation of this has been documented for monetary policy

surprises, which are correlated with information publicly available prior to the announcement (Bauer and

Swanson, 2023b; Miranda-Agrippino and Williams, 2026).6 But these estimated correlations are unstable,

sensitive to outliers, and weak out of sample (Acosta, 2026; Sastry, 2026), strongly suggesting they only

appear ex post (Eva and Winkler, 2023). When learning is slow, such finite sample artifacts will be abundant

(Bauer and Swanson, 2023a) and are not reflective of any nuisance to be corrected. Though this particular

piece of evidence may not be informative of whether market expectations are misspecified, we can consider

a weaker test. Higher-order moments of the distribution of forecast errors can be state-dependent, but the

mean should not be. Figure 4 shows monetary policy surprises (ED2) are conditionally skewed – they are

likely to share the sign of the policy adjustment that actually occurred.

6Sastry (2026) points out that the central bank’s private information cannot generate this fact on its own.
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Figure 4: High-frequency changes (ED2) in futures from 1990-2026, cumulated by month. Note: the y-axis is truncated to

have uniform scaling across panels; there are over 100 "no surprise" events when the overnight rate target is unchanged.

The skew is severe enough that ED2 is not conditionally mean zero. One explanation is risk premia.

But for this to be the case, there must be not only time-varying risk premia but endogenous changes in

risk premia as a result of policy announcements. Though this is certainly plausible (Bianchi et al., 2026;

Cieslak and Khorrami, 2026), it may not be enough to explain these patterns. Because risk premia on

short-term interest rate futures contracts are small, if present at all Piazzesi and Swanson (2008), they relate

to surprises clustered around zero. In order to have a conditionally skewed distribution that is mean-zero,

we would need more frequent realizations of lower probability events (e.g., tightening surprises during easing

cycles). The Appendix discusses further tests for the absence of these infrequent events using second moments

of the surprise distribution, reaching similar conclusions. It’s also possible the sample is simply too small to

contain enough realizations of these low probability events. But taken at face value, it appears that market

expectations do not perfectly measure a policy shock. Section 4 discusses a possible contributing factor.

4 A New Wedge Between Surprises and Shocks

In companion work (Bousquet, 2026a,b), I conclude the learning channel is not prevalent during monetary

policy announcements. Informally, it has been suggested this is a sufficient condition for monetary policy

surprises to identify policy shocks. This conjecture is untrue because, as discussed at the end of Section 3,

surprises must in general measure shocks to be valid instruments.7 This section will present several examples

7There are exceptions, as discussed in Section 4.3. More generally, identification need not be exact: an excluded coefficient
need not be exactly zero but "small relative to the other coefficients" (Leeper et al., 1996), and the excluded coefficients do not
interact with a persistent part of the data generating process (Miranda-Agrippino and Ricco, 2023).
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of why surprises need not measure shocks even absent the learning channel.

It may be useful to first consider a more informal line of argument. When the central bank committee

is deliberating, they can observe market expectations. Therefore when their target decision is released,

they know exactly how much markets will be "surprised" at the shortest end of the yield curve. So this

"surprise" is in the central bank’s information set when they make a decision. Monetary policy in practice

largely boils down to a forecasting problem. Insofar as the forecast errors of the central bank will affect

the macroeconomy (Friedman, 1968), these real effects should be orthogonal to the surprise under a rational

expectations benchmark because the central bank knew what the surprise would be when they set the interest

rate. This is developed further in the remainder of the section.

4.1 Using Signals to Generate Policy Surprises

There are several ways to introduce unpredictable movements in policy other than the central bank introduc-

ing arbitrary disturbances to a policy rule. Fundamentally, all such approaches amount to the public lacking

some form of information. For example, in a Markov switching setup (Davig and Leeper, 2007), there would

be no pure policy surprises if the latent states were known in advance. But one reason surprises need not

measure shocks is because unpredictable policy can be generated by a dispersed information environment

with no stochastic component in the central bank’s decision. In such an environment, it may still be the

case that the information the central bank uses to make their decision is not perceived as useful by the

private sector. It’s been suggested that policy shocks might be recoverable because, even though the public

understands the central bank is trying to act optimally according to its objectives, the exact inclination

behind any particular decision remains opaque. The following framework seeks to replicate as closely as

possible the line of justification for treating surprises as shocks.

To generate surprises, we consider a class of models with a particular constraint on the central bank

and a general information structure. The central bank must announce a policy function at the start of

period t that will determine the realization of policy instruments at t+ 1. The policy function is measurable

with respect to all common knowledge at t and a signal the central bank receives between periods. This

structure is purposefully broad, nesting cases where there are several policy instruments, signals, or different

assumptions about what information is common to all agents. Without loss of generality, we will represent

a scalar case with policy function

it+1(s) : It × R → R (1)

where It is the common time t information set implicit in the time t + 1 subscript of the function. For

expositional purposes, consider this policy function the mapping that determines tomorrow’s interest rate.

11



If agents knew ahead of time the central bank would receive signal s between periods, they would know

tomorrow’s interest rate exactly. The central bank can decide to make tomorrow’s interest rate known

regardless of the signal’s realization by making the function constant in s. More traditional uses of the

signal would, for instance, include committing to use the signal as prescribed by a standard Kalman filter.

Under these restrictions, surprises from optimal rules will be caused by intentional behavior that nonetheless

is driven by some level of randomness — under standard assumptions, the central bank’s signal could fall

anywhere on the real line. This is precisely the black box element the earlier informal conjecture about

surprises and shocks relates to.

4.2 Irrelevance Results for Surprises

Let E[·] denote the objective expectations operator with respect to a given data generating process. To

distinguish it from the notation in Section 2, we will use ẑt as the monetary policy surprise (since it is a

candidate instrument, but not necessarily a valid instrument).

Proposition 2: From (1), let ẑt = it − E[it | It−1] and let s /∈ It−1 denote the additional random variable

it can be conditioned on. If E[yt+h | It−1, s] = E[yt+h | It−1], then Cov(yt+h, zt) = 0.

This is a simple corollary of rational expectations, but applied to policy surprises it is arguably harder

to reconcile with standard intuition. First, we can consider a purely statistical explanation by the law of

iterated expectations

Cov(yt+h, ẑt) = E
[
ẑt

(
E[yt+h | It−1, s] − E[yt+h | It−1]

)]
= 0,

where the last step follows from the sufficient condition.8 Note that ẑt is a known object given the central

bank’s between-period information set. Optimal policy for the central bank, because of its timing constraint,

involves a heavy forecasting component. Because ẑt cannot be correlated with the central bank’s forecast

error, this property will extend to many of the aggregates yt in a broad class of models. For example,

consider the simplest "divine coincidence" equilibrium in a New Keynesian model (Benigno and Woodford,

2004) where inflation πt and the output gap ỹt are directly proportional to it − r∗
t , the gap between the

interest rate and the natural rate of interest. If the central bank follows a rule where it seeks to track the

natural rate, it will always announce a policy function of it+1 = E[r∗
t+1 | It, s] under the constraints in this

setup. This means future inflation and output gap are always expected to be zero, both before and after the

central bank receives its signal. So policy surprises ẑt must be uncorrelated with the realized output gap and

inflation at all horizons. This result generalizes broadly in linear settings. Notice the logic is not altered even

8This shows the sufficient condition of Proposition 1 can be weakened slightly.
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if there exists a "central bank information effect" because the commitment to the policy rule already tells

private agents all they need to know about the future. The result can also apply under more complicated

policy functions and models (e.g., if we include cost-push shocks and break the "divine coincidence"). The

sole requirement is the information structure is such that expectations about aggregates do not change once

the central bank receives its signal.

Proposition 2 is an "irrelevance result" because it shows a broad class of environments where policy

surprises have no propagation. But it may be useful to consider a different kind of irrelevance result:

one that illustrates the propagation of belief surprises can go directly against the underlying monetary

transmission mechanism. Again, we consider the aforementioned New Keynesian model but explicitly add

cost-push shocks9

ỹt = Et[ỹt+1] − it + r∗
t + Et[πt+1] (2)

πt = βEt[πt+1] + κỹt + ut. (3)

We will consider two ways to get a "puzzling" comovement between policy surprises and inflation. The

first will involve a hypothetical where the central bank follows a known, non-optimal forecast rule. As

discussed further in Online Appendix B, this first result has a precedent in Caballero and Simsek (2022)

where the central bank follows a non-optimal forecast rule because of its dogmatic beliefs, making the

correlation between policy surprises and aggregates essentially unrestricted. Suppose Var(ut) = 0, r∗
t+1

follows a (known) linear law of motion with Gaussian innovations, and the central bank receives a signal

about r∗
t+1 between t and t + 1. The aforementioned policy rule in this model is for the central bank to

commit to setting it+1 = bt(s), where bt is the objective forecast for r∗
t+1 prescribed by the Kalman filter

after observing signal s.

Example 1: Suppose the policy rule is it+1 = αbt(s) with α ∈ (0, 1). In the equilibrium in (2), (3) generated

by Var(ut) = 0, inflation and the output gap are directly proportional to it − r∗
t and Cov(πt, ẑt),Cov(ỹt,

ẑt) > 0.

Example 1 inverts the logic of Proposition 1: when the private sector forecast of interest rates is too high,

interest rates were on average realized below the optimal level. This is because the central bank is following

an "attenuated" forecast rule, so the corollaries of rational expectations no longer hold. Similar results hold

if the central bank instead follows an inertial forecast rule. There is also a connection to optimal policy in an

unconstrained environment. If a central bank follows the real rate rule in Nakamura and Steinsson (2018a)

it − Et[πt+1] = ψr∗
t + ϕπt with ψ < 1, then rates adjust less than one-for-one with the natural rate. This

9Throughout, we make the implicit assumption that the unique equilibrium minimizing
∑

t
βt(ỹ2

t + π2
t ) is always selected.
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means an impulse to r∗
t will generate positive responses of inflation and the output gap in textbook New

Keynesian models.

Example 1 considers an environment with suboptimal policy, but a similar irrelevance result can still

hold under optimal policy once we change what the central bank receives a signal about. For simplicity,

assume {r∗
t }∞

t=0 is known at t = 0. Instead, the central bank faces the same timing constraint but receives a

between-period signal s about ut+1. Appendix A.2 shows optimal policy leads to the following equilibrium

expressions, largely determined by the central bank’s forecast mt = E[ut | It−1, s]

it = r∗
t + cmt ỹt = −cmt πt = ut − κcmt, (4)

for a specific c ∈ R pinning down the optimal response parameter. If ut is i.i.d. normal with zero mean, the

policy surprise is simply ẑt = it − r∗
t = cmt. This ẑt has a very different relationship with inflation than a

hypothetical structural policy shock in this model would.

Example 2: In the equilibrium described by (4), Cov(πt, ẑt) > 0.

4.3 The Generality of Irrelevance

Section 3.2 shows belief surprises are fundamentally different objects than structural shocks, and not for

the reasons often given. Nakamura and Steinsson (2018a); Miranda-Agrippino and Ricco (2021) note that

when the public uses monetary policy decisions to extract information about economic fundamentals, there

is scope for "puzzling" correlations. By contrast, these results apply even when private agents perceive the

central bank’s signal as containing only information spanned by the public information set. This can be

easily accomplished through modifications in the timing and signal structure, as discussed in Section 5.

This alternative structure is meant to mimic the availability of signal aggregators like financial markets and

surveys, which presumably should depress the weight put on the subjective assessment of one particular

agent.

Though these results are motivated by fairly general settings, they are confined to an implicit or explicit

assumption of linearity. The "no response" result of Proposition 2 is vulnerable to nonlinearities because

Jensen’s inequality will tend to break the sufficient condition. At face value, the wealth of nonzero responses

estimated in the literature (Ramey, 2016; Montiel Olea et al., 2025) might appear congruent with this

consequence. Yet Proposition 2 is simply a relationship that holds in population. Data generating processes

with an abundance of persistence can likewise create an excess of finite sample correlations that vanish

asymptotically. Bousquet (2026b) considers an environment with slow learning rates and shows "hump-

shaped" responses can exist in small samples even when there will be no response with sufficient data.
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To zero in on the crux of the issue, we can again consider the simple divine coincidence structure but relax

the assumptions on the information structure by letting policy surprises be defined by potentially non-nested

information sets.

Example 3: Define the policy rule it(s) = E[r∗
t | Ft−1, s], expected policy iet = E[it(s) | Gt−1], and policy

surprise ẑt = it(s)− iet . In the Var(ut) = 0 equilibrium for (2), (3), an IV regression of ỹt on ẑt will be biased

for the correct loading (−1) of the policy rate in (2): (−1 − βIV ) ∝
[
Var(it) − Cov(iet , r∗

t )
]
. When Gt ⊂ Ft,

βIV = 0. In the limit where
∣∣r∗

t − E[r∗
t | Gt−1]

∣∣ → 0 but
∣∣r∗

t − it(s)
∣∣ > 0 almost surely, βIV → −1.

The model of Sims (1987) features an "as good as random" policy instrument because the central bank

acts based on an advance estimate of a data release, whereas private agents form expectations and make

decisions using the actual data release. Example 3 recovers this result as a special case, showing ẑt becomes

an arbitrarily good instrument as the private information set Gt−1 expands while holding the central bank’s

information set Ft fixed. In reality, there is a range of possibilities, as in Caballero and Simsek (2022). Taken

together, Examples 1-3 show the extent to which belief surprises can function as an instrument depends on

a delicate interconnectedness of the equilibrium conditions, the policy rule, and the exact information and

signal structure. The exact wedge is that forecast errors of policy are not sufficient on their own to solve

an omitted variable problem. Sims (1998) hones in on a useful analogy between using demand shifters to

trace out the supply curve and vice versa. In this framework, ẑt does not act as a pure shifter because it is

generically correlated with r∗
t .

Efforts in Jarociński and Karadi (2020, 2025) seek to partition surprises into "information shocks" and

policy shocks. But unless the central bank has some sort of trembling hand, all policy surprises are infor-

mation revelations of a certain form (Campbell et al., 2012). This means such partitioning can be useful

to separate information revelations we think are more proximate to a textbook policy shock (e.g., an un-

expectedly bullish reading of public data) from information the central bank might be revealing about its

institutional traits, like acts of discretion (Debortoli and Lakdawala, 2016; King and Lu, 2025) or insufficient

commitment to its goals (Cieslak et al., 2026; Ai and Hu, 2025). Still, even what we might call "relevant"

information shocks may not be isomorphic to policy rule innovations in a standard model.10 To satisfy the

conditions of Proposition 1 in general, we need to go a step further and impose structure that generates true

randomness.

10In Appendix A.3, I simulate data from Smets and Wouters (2007) with the monetary policy shock variance set to zero and
show a "small" VAR system consisting just of output, inflation, and interest rates will nonetheless recover "masquerading" policy
shocks (Wolf, 2020). The responses can be similar to those estimated from US data and the VARs themselves pass diagnostic
stability checks for all common methods.
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5 Estimating Policy Effects with Surprises

Section 4 showed an assumption of randomness is not only sufficient but necessary for high-frequency iden-

tification to be valid. The model in Section 3 offers a rationale for such an assumption. However, once we

take a stand that high-frequency surprises measure a monetary shock, we are also placing a ceiling on the

exogenous variation in policy. This ceiling will be prohibitive, even without the risks that high-frequency

identification is contaminated by the policymaker’s internalization of how surprise changes will propagate to

the economy. I illustrate this dilemma using a generic structural model.

Suppose we are interested in the effects of it on Yt+h. Let the data be generated by

Yt+h = θhit + ut+h (5)

it = g(Xt) + εt εt ⊥ ut+h. (6)

Assume we measure zt = εt exactly. How successful will an econometrician be at recovering a sufficiently

precise estimate of θh? This depends on several factors, summarized by a sufficient statistic for statistical

power δh

δh =
√
Tθh

σε

σu
. (7)

δh is increasing in the size of the sample, the strength of the effects, the amount of exogenous variation, and

the share of the total variation of Yt+h explained by monetary policy at t. The upper bound for δh is low.

Generous parameterizations for high-frequency analysis would place T ≤ 200, θh ≤ 1, σu ≥ 1, and σε ≤ .1.

Figure 5 quantifies the argument outlined in Ramey (2016): the less randomness in policy, the more likely

any hypothesis test rejection is simply a false positive. At the maximum policy randomness σε = .1, there

is modest detectability for sufficiently large effect sizes, but most estimates typically place θh significantly

lower. Of course, many impulse response figures in the empirical macroeconomics literature show confidence

bands excluding zero. The power calculations suggest this is caused by underestimated standard errors.

Adjustments for multiple-hypothesis testing are seldom implemented, despite important contributions in

time series inference Montiel Olea and Plagborg-Møller (2019); Xu (2025); Inoue et al. (2026); Nikolaishvili

and Gade (2026). The selection of control variables is also a consequence of both collective and individual

search, and standard errors often do not reflect external use of controls.
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Figure 5: Rejection probability as a function of effect size in (5). T = 200 and σu = 1 are fixed.

6 Conclusion

The paper presents a model of where monetary policy shocks come from — randomness in reaching a

consensus — and applies this model to a study of high-frequency identification, which uses measured changes

in expectations about future policy action attributable to policymaker communication as an instrument. This

paper shows that for the standard implementation of this identification strategy, these measured changes must

generally be capturing random behavior even from the policymaker’s perspective. Otherwise, identification is

only guaranteed to be valid under the knife-edge assumption that policymakers have strictly less information

than the public, as considered in Sims (1987). The "consensus shocks" outlined in this paper give a model

under which this assumption is defendable, but they present two potential problems. First, it appears that

the public systematically underpredicts how likely the central bank is to choose the most likely choice.

Second, even if the identification is valid, these shocks are not large enough to reliably estimate policy

effects, expanding on a concern voiced in Ramey (2016); Nakamura and Steinsson (2018a). Future work with

the high-frequency approach could include relaxing the current assumptions through considering alternative

regression specifications or pursuing a hybrid approach where high-frequency estimates map into a structural

model (Fraisse et al., 2026).
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Appendix

A.1 Additional Empirical Exercises

A.2 Additional Derivations

A.3 Misidentification of Structural Shocks and Forecast Error Predictability11

A.3.1 Inherency of Ex Post Predictability

When forecast errors are correlated with information in the forecaster’s information set, this "predictability"

is often described as a rejection of a full information rational expectations benchmark. Eva and Winkler

(2023); Bauer and Swanson (2023a); Sastry (2026) note that many documented predictability results are

based on correlations that, while sometimes statistically significant ex post, are unstable and with little to

no predictive power out of sample. In other words, the estimated relationships do not offer much insight

into how to improve forecasts. This suggests the correlations are ex post artifacts of an environment where

it is difficult to learn. To demonstrate this further, we can extend an analogy made in Bianchi et al. (2022);

Frank et al. (2025) – do the forecast errors of machine learning algorithms have similar empirical traits? The

answer depends on the application and candidate data generating process (DGP). In general, "predictability"

seems to be an inherent trait of high-dimensional estimation in small samples (Frank et al., 2025).

As an example, consider a classic environment in the machine learning literature (Chernozhukov et al.,

2018) where the underlying DGP is sparse but unknown and the data set is high dimensional K >> T . If

the underlying DGP is indeed sparse, a lasso procedure will produce consistent estimation. Suppose we are

trying to find the causal effect of a treatment D on an outcome Y , with time series data generated from the

following system

Yt = θDt + g(Xt) + vt

Dt = q(Xt) + ut.

I assume dim(Xt) = K is 2 orders of magnitude larger than the length of the time series T , but the underlying

DGP is linear and sparse (i.e., g(·), q(·) are linear functions of the same few components of Xt). To estimate

θ, lasso estimation is performed on Yt and Dt, then the residuals of these first stages (Ỹt, D̃t) are regressed

on one another. While the convergence of θ̂ → θ is remarkably fast in this environment, {(Ỹt, D̃t)}T
t=1 are

ex post predictable. Specifically, if we regress these residuals on the "relevant" components of Xt as well as

a few other randomly selected variables, 100% of these sets of residuals show several statistically significant

11Code for these exercises is available at this paper’s GitHub repository, https://github.com/paulbousquet/WhySurprise
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correlations. Just as in standard rational expectations, these correlations would indeed vanish as T → ∞.

These results extend naturally to the job of professional forecasters and financial market participants; they

must sort through reams of data to produce some conditional mean function. This exercise shows even

"good" estimation procedures will generate some seeming idiosyncrasies in finite sample.

A.3.2 Masquerading Shocks

Suppose the economy follows a data generating process consistent with a VAR but an econometrician only

includes a subset of the variables in estimation. Wolf (2020) shows that the recovered structural shocks

will necessarily be functions of several true structural shocks, i.e., the recovered structuring shocks are

"masquerading" as true primitive objects. This thinking can be extended to the case where there are actually

no structural shocks present. Figure 6 shows estimated impulse responses on a small VAR system using data

generated by the Smets and Wouters (2007) model at their estimated posterior modes, with the exception

that the monetary policy shock variance is set to zero. The results show that the recovered figures will

mechanically produce reasonable-looking responses, with the dotted black line represented the actual impulse

response Smets and Wouters (2007) estimate. Standard diagnostic tests to check for identification issues do

not indicate any issues.

Figure 6
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