
Mind the Gap:
Disagreement and Credible Monetary Policy

Francesco Amodeo
UC San Diego

Job Market Paper
[Updated regularly. Click for the most recent version]

January 2026

Abstract

This paper studies the impact of interest rate disagreement between the
Federal Reserve and financial markets on the transmission of U.S. monetary
policy. First, I construct a simple real-time measure of disagreement and show
that it improves short- and medium-horizon forecasts in standard macroeco-
nomic VARs. Second, using lag-augmented local projections, I show that
disagreement dampens monetary policy effectiveness, attenuating its impact
on output and offering an explanation for apparent anomalies such as the
“activity puzzle.” Third, I demonstrate that market expectations, as reflected
in tradable asset prices, outperform Fed staff forecasts, and that information-
advantage tests reveal no systematic Fed edge, challenging prevailing nar-
ratives. I show that standard New Keynesian frameworks with incomplete
information contain a latent disagreement structure, which, when formalized,
yields a parsimonious explanation of the documented evidence. The model
generates disagreement from three distinct sources — fundamentals, policy
rule, and credibility. A general state-space model identifies the importance
of each and sheds light on key normative implications.
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1 Introduction

In the wake of the Great Financial Crisis, on January 27–28, 2009, the Federal Re-
serve held its first scheduled Federal Open Market Committee (FOMC) meeting
after the policy rate hit the zero lower bound. In an attempt to reassure distressed
markets, the Fed announced that interest rates would remain near zero, empha-
sizing that “[…] the Committee continues to anticipate that economic conditions
are likely to warrant exceptionally low levels of the federal funds rate for some
time.”1 Nevertheless, at the end of the trading day, market expectations reflected
in federal funds futures appeared to anticipate a steady but immediate tightening,
revealing a sharp gap with the Fed’s outlook. This paper refers to this gap as
“Fed–Market interest rate disagreement” and studies how it systematically shapes
the transmission of monetary policy.

Figure 1: Notes: Black solid line —effective federal funds rate. Red dashed — meeting-day
market-implied expectations from federal funds futures. Blue dashed — Fed policy-rate expecta-
tions from the Tealbook. Dots mark quarterly horizons.

Monetary transmission is central to modern macroeconomics. Over the last few
decades, economists and policymakers have increasingly focused on the role of
expectations in generating monetary non-neutrality. Workhorse macroeconomic
models operate under the assumption that financial markets and the Fed share
information and form expectation similarly, implying a common policy outlook.
I show that this is rarely true. Fed and market interest rate forecasts disagree
throughout 1990–2019, the gaps are serially correlated, and absolute differences
at times exceed 250 basis points. These are some of the facts that motivate the

1Excerpt from the FOMC Statement, dated January 28, 2009.
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analysis in this study.

The paper makes six contributions. First, I construct a novel real-time measure
of Fed–Market disagreement at FOMC-meeting frequency, which spans all avail-
able forecasting horizons. Second, I show that incorporating this novel measure
into standard VARs improves the forecasts of macroeconomic variables at short
and medium horizons, indicating valuable predictive content for policy decisions
and macro aggregates. Third, using state of the art estimation, I demonstrate
that these large, persistent expectation differentials attenuate – and sometimes
reverse – the conventional effects of monetary shocks, generating state-dependent
policy transmission with attenuation increasing in disagreement. Fourth, forecast-
comparison and information advantage tests find no systematic Fed edge, under-
mining a prominent narrative that postulates an information channel as primary
explanation for some puzzling evidence. Fifth, I provide a microfounded mech-
anism: in a generalized New Keynesian framework, the expectation gap enters
the Euler equation as a wedge, which can explain the empirical evidence and of-
fers a parsimonious theory of monetary transmission grounded in conventional
intertemporal substitution and disagreement-dependent learning. Sixth, I endog-
enize disagreement and model learning through an Extended Kalman Filter that
decomposes its sources into disagreement about fundamentals, rule misperception,
and forward guidance, yielding a quantitative attribution assessment of their rel-
ative contribution and providing a real-time index of Fed’s policy effectiveness.

The core empirical finding estimates the state-dependent effect of Fed-Market dis-
agreement on the transmission of monetary shocks. Using lag-augmented local
projections, I find that when disagreement is low, tightening shocks reduce activ-
ity with familiar hump-shaped dynamics, consistently with standard theoretical
predictions. As disagreement rises, the response of industrial production attenu-
ates, and at high levels it can reverse sign, offering a beliefs-based rationale for
the so called “real activity puzzle.”, i.e., the observed positive response of activity
to high-frequency hiking shocks (Campbell et al., 2017). Quantitatively, a 25-bp
increase in average disagreement – a shift from the median to the 75th percentile –
reduces the magnitude of the output response at a horizon of 12 months by approx-
imately 51%. In summary, disagreement induces a pronounced state-dependent
attenuation, which is pervasive over the last 30 years.

These patterns naturally raise the question of whether monetary announcements
reflect information effects. The prevailing view holds that markets’ information
sets are a subset of the Fed’s, due to access to privileged data and superior knowl-
edge of the reaction function. This underpins the “information channel” of mone-
tary policy, the conjectured mechanism under which markets read a policy surprise
as news about fundamentals rather than an unambiguous deviation from the rule
(Nakamura and Steinsson, 2018). Under this view, an unexpected rate hike may
reflect either a true policy shock or the Fed’s expectation of stronger future fun-
damentals, invalidating empirical specifications that do not distinguish between
the two, and yielding puzzling findings like the counterintuitive response of real
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activity.

A corollary of this view is that the Fed’s larger information set should translate
into superior forecasting performance. I test this by assembling projections from
Tealbooks2 and federal funds future contracts. In contrast, I find that markets
forecast the policy path more accurately than the Fed at horizons of 1–8 quarters.
The edge mildly declines with the forecasting horizon but remains statistically
significant and robust to variations in the measuring cutoff date. To ensure a valid
comparison, it is paramount to ensure that expectations are captured at a common
point in time: in fact, using market expectations after the FOMC announcements
and the press releases would grant traders extra days of news, beyond the Fed’s
officially and unofficially released data (Vissing-Jorgensen, 2020). Therefore, for
this exercise, I measure market expectations at each Tealbook internal cutoff date,
which on average precedes the FOMC meeting by 6.6 days.

Moreover, I apply state of the art testing to this newly constructed dataset to assess
the presence (and the evolution) of any Fed informational advantage. Previous
studies find substantial evidence of Fed’s edge, although decreasing over time.
Leveraging the timeliness and unambiguity of my market-implied data, I find no
evidence of a systematic information advantage, with minor exceptions around
specific episodes concentrated around the zero lower bound era. These results
align with, yet are distinct from, the finding of market superiority in policy-rate
forecasting, and together they cast doubt on the plausibility of the information
channel of monetary policy, thereby motivating the introduction of a more general
theoretical framework.

I show that disagreement is a latent state in New Keynesian frameworks, one that
can be formally accounted for by relaxing highly restrictive assumptions like full
information. As a result, the gap between Fed and market expected policy paths
enters the generalized Euler equation as a wedge. Monetary transmission depends
on the policy rate path that private agents expect after the announcement, not
only on the surprise observed on impact. For instance, if markets expect a smaller
increase in future rates than the Fed intends, the rise in expected real rates rele-
vant for spending/investment is smaller, so the contractionary effect on output is
attenuated.
I then study the model’s impulse responses in low- and high-disagreement states,
closely mirroring the empirical design, to show how this mechanism maps into the
observed state dependence. The transparency of the framework translates the em-
pirical restrictions into testable implications, which I verify with model-implied re-
gressions: the data exhibit the theory’s predicted differential expectation behavior
across disagreement states. In summary, treating disagreement as an endogenous
wedge allows to track its own dynamic responses, providing a parsimonious and
intuitive mechanism confirmed by the data.

2Informal name for the Current Economic and Financial Conditions report, prepared by the
Federal Reserve Board’s staff before each meeting.
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Finally, the theory isolates three sources of disagreement: fundamentals, the policy
rule coefficients, and the limited commitment of forward guidance. These map,
respectively, to the information channel, the response-to-news channel, and the
credibility channel, which to my knowledge have not been studied jointly. To
operationalize learning, I estimate a state-space model treating all three as la-
tent states through an Extended Kalman filter, mapping observed rate surprises
and wedge dynamics into expectation updates. The filter accommodates the policy
rule’s nonlinearity and delivers time-varying Kalman gains that depend on the pre-
vailing level of disagreement. Intuitively, higher disagreement induce markets to
place a larger discount on Fed’s actions and communication, so identical surprises
shift expectations less and transmission weak. This yields quantitative attribution
shares for each source of disagreement and regime-dependent impulse responses
that match the documented attenuation. In other words, the same monetary sur-
prise moves the latent states (and, as a consequence, the Euler wedge) by different
amounts in low- versus high-disagreement regimes, which can ultimately be consid-
ered a real-time proxy of Fed’s credibility. Methodologically, the contribution is a
rigorous yet flexible learning framework that illustrates markets’ state-contingent
expectation formation process, unifying shocks, beliefs, and transmission in one
system.

Related Literature Woodford (2005) famously argues that “not only do ex-
pectations about policy matter, but… very little else matters,” echoing the rational
expectations idea that only unanticipated monetary changes affect output (Lucas,
1972). This study maintains rational expectations but relaxes full information
(Blinder et al., 2008), focusing on the pervasive expectation heterogeneity between
financial markets and the Federal Reserve and on how this misalignment shapes
monetary transmission.

Theoretically, intertemporal substitution is a core channel of monetary transmis-
sion: expectation management and credible commitment have been central since
the early New Keynesian models (Clarida et al., 1999, Woodford, 2001), and more
recent behavioral frameworks reinforce this view, highlighting communication as
a key lever of policy (Sims, 2003, Lorenzoni, 2009, Eusepi and Preston, 2010,
Gabaix, 2020). Closest to this paper, Caballero and Simsek (2022) model Fed–
market disagreement and study policy implications when markets are opinionated
and information effects are muted. In contrast, I first establish the empirical
prevalence and state-dependent relevance of disagreement for transmission; then
show it enters a generalized New Keynesian framework as a wedge that explains
attenuation; finally, I decompose its sources, nesting leading theories.

Empirically, extensive work identifies monetary shocks and their effects (Ramey,
2016), in particular using narrative instruments and high-frequency surprises around
announcements (Kuttner, 2001, Romer and Romer, 2004, Bernanke and Kuttner,
2005, Gurkaynak et al., 2005, Ramey, 2016). Measurement has sought to separate
policy from information effects. Recent work decomposes market reactions into
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monetary and information shocks (Melosi, 2017, Nakamura and Steinsson, 2018,
Jarociński and Karadi, 2020), helping explain “puzzles” common in high-frequency
specifications. Under imperfect information, announcements correlate with fore-
cast revisions, generating positive activity responses to tightening that reflect news
rather than causal policy effects. Relatedly, studies analyze the heterogeneous per-
ceptions of the policy rule and their implications for belief dispersion and outcomes
(Hamilton et al., 2011, Couture, 2021, Sastry, 2022, Bauer et al., 2024).

Predictability of external instruments (“monetary surprises”) has motivated or-
thogonalization using surveys and Fed projections (Cieslak, 2018, Miranda-Agrippino
and Ricco, 2021, Bauer and Swanson, 2023a, Amodeo, 2025). This paper comple-
ments that agenda by studying ex post disagreement—the gap between Fed and
market expectations measured after the FOMC statement and press conference—
providing a clean, price-based proxy for residual differences in beliefs that can be
studied in relation to monetary transmission and efficacy.

Ex post measurement also incorporates Fed communication, now a core policy in-
strument. By steering beliefs about the future policy path, communication shapes
intertemporal choices of firms and households (Eggertsson et al., 2003). Markets
may read guidance as signals about fundamentals (“Delphic”) rather than pure
commitments (“Odyssean”) (Campbell et al., 2012, Melosi, 2017). In this set-
ting, disagreement represents limited credibility, constraining the Fed’s ability to
influence policy expectations (Moscarini, 2007).

The information channel posits that policy announcements reveal the Fed’s pri-
vate knowledge about fundamentals, so markets interpret surprises as information
rather than pure unexpected policy (Nakamura and Steinsson, 2018, Andrade et
al., 2019, Cieslak and Schrimpf, 2019). More broadly, the Fed may possess an
information advantage regarding the future path of its policy rule or planned de-
viations from it, which manifests as superior policy-rate forecasts. Early studies
report a Fed edge (Romer and Romer, 2000, Gavin and Mandal, 2003), while later
work finds erosion and instability by sample and horizon (D’Agostino and Whelan,
2008, Hoesch et al., 2023).

My results differ sharply. Markets consistently outperform the Fed in the short
and medium run; moreover, state of the art tests show no systematic Fed infor-
mation advantage, with only episodic exceptions. Two key reasons justify this
divergence with previous results. First, I compare Tealbook projections against
market-implied expectations (prices), avoiding notable survey issues, like cheap
talk (Crawford and Sobel, 1982), behavioral frictions(Bordalo et al., 2020, Kohlhas
and Walther, 2021, Bianchi et al., 2022), and strategic bias (Gemmi and Valchev,
2023, Amodeo, 2024). Second, traded futures prices allow precise alignment of mar-
ket expectations to the Tealbook’s internal cutoff, eliminating vintage mismatches
that plague survey comparisons (Vissing-Jorgensen, 2020). Together, these find-
ings challenge the information-channel premise as the dominant explanation for
announcement responses.
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More broadly, the paper relates to the literature on disagreement in measured
expectations (Mankiw et al., 2003, Andrade and Le Bihan, 2013, Andrade et al.,
2019). In a similar vein, Dong et al. (2025) show that household inflation dis-
agreement weakens forward guidance and dampens the effects of monetary shocks,
consistent with uncertainty about the inflation target. Angeletos and Lian (2018)
argue that without common knowledge, forward-guidance effects are mitigated
through higher-order beliefs, providing a complementary mechanism for the atten-
uation documented here. On transmission, Zohar (2024) shows that disagreement
and uncertainty behave differently across the business cycle, illustrating why dis-
agreement may capture different forces beyond uncertainty; relatedly, Benchimol
et al. (2023) use a high-frequency approach to show that uncertainty amplifies
stock-market reactions to monetary surprises. Both papers treat uncertainty as a
distinct state variable shaping macro and financial responses; I follow this distinc-
tion, keeping disagreement conceptually separate and results empirically robust by
controlling for standard macro and financial uncertainty measures.

The rest of the paper is organized as follows. Section 2 describes the data used
to compute shocks and disagreement. Section 3 outlines all key empirical results,
first describing the main properties of my disagreement measure and then showing
its effects on monetary transmission, with a rich discussion of the findings. Section
4 introduces a theoretical framework to model disagreement within a generalized
New Keynesian framework with heterogeneous expectations, and leverages the core
empirical restriction to test the model. Finally, Section 5 proceeds to microfound
the sources of disagreement in relation to the learning implied by the model, and
outlines a methodology to quantitatively assess the expectation formation process
of financial markets in an environment with private information, forward guid-
ance, unobserved fundamentals and policy rule coefficients. Section 6 provides
concluding remarks and directions for future research.

2 Data

Throughout the paper, the analysis draws on three data blocks. First, the stan-
dard macroeconomic series used as outcomes and conditioning variables. Second,
the instruments for the monetary shocks, primarily based on high-frequency sur-
prises around FOMC announcements. Third, the expectations for the Fed, finan-
cial markets, and—where relevant—professional forecasters. Variable definitions,
transformations, and sources are documented with each application and consoli-
dated in Appendix A. The next subsections describe the core inputs and the novel
construction choices that underlie the empirical analysis.
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2.1 Measuring Fed’s Expectations

The main sources for the Federal Reserve’s expectations are the Tealbooks (pre-
viously Greenbooks), distributed to the Federal Open Market Committee prior
to each scheduled FOMC meeting, and containing in-depth analysis of current
economic and financial conditions and projections of the Federal Reserve Board
staff. They are released to the public with a five-year lag; as of this writing, the
most recent release covers the December 2019 meeting. I construct a time series
of Fed forecasts produced for each FOMC meeting based on digitized data from
the Federal Reserve Bank of Philadelphia, which provides expectations for interest
rates from 1981 to 2008, and on hand collected data for the predictions made be-
tween 2008 and 2019. Figure 2 showcases an exemplificative snapshot of a recent
Tealbook release.

Figure 2: Example Greenbook/Tealbook projection of the Federal Funds Rate (FFR) path used
for an FOMC meeting (vintage indicated); Source: Federal Reserve Board, Tealbook.

The precise dates used are public, obtained from Nakamura and Steinsson (2018),
recently extended by Acosta et al. (2024). The key variable under study, the
Federal Funds Rate (FFR), is forecasted up to several years in the future, and
I follow Caballero and Simsek (2022)’s methodology in interpolating the annual
Tealbooks forecast to quarterly horizons up to ten quarters ahead3. Importantly,
the Tealbooks projections are prepared a few days in advance of the scheduled
meetings. To compare the forecast accuracy between the Fed and financial markets,
the precise temporal alignment of information sets is of the essence. Therefore,
I manually collect each exact day differential between the internal release of the
Tealbooks and the FOMC Meeting it refers to; across the 233 scheduled monetary

3See Appendix A.2 for a more detailed account.
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decisions in the sample, the average gap is 6.6 calendar days4.

For auxiliary analysis, I collect additional data from the Fed’s Summary of Eco-
nomic Projections (SEP), which started including FFR projections since 2012.
However, several reasons limit the SEP’s scope for the purpose of this study: first,
the much shorter sample; second, the reduced frequency (four releases yearly); fi-
nally, its being a collection of all FOMC participants’ projections has raised ques-
tions regarding their nature of predictions or intentions, and other reservations of
political type (Bordo and Istrefi, 2018, Gerlach and Stuart, 2019).

2.2 Measuring Market’s Expectations

To measure markets’ expectations, I use daily federal funds rate (FFR) futures
prices for maturities up to 36 months obtained from proprietary Bloomberg data5.
These contracts are highly liquid, widely used contracts: in recent years, daily trad-
ing has typically amounted to several hundred thousand contracts, corresponding
to current average notional volumes on the order of $1–2 trillion per day across
maturities. Available data from traded futures spans from 1988 to the present,
although with remarkable heterogeneity in trading horizon, as early in the sample
futures priced only 2 to 3 quarters ahead FFR realizations. I collect all available
closing prices from 1988 to 2024, quoted as 100 minus the average monthly FFR
at settlement, and convert to implied forward rates following the literature via

Forward Ratet,m = 100− Futures Pricet,m,

where t indexes trading days and m ∈ {0, . . . , 36} the monthly horizon. Forward
rates are aligned with the format of Federal Reserve’s Tealbook projections, e.g.,
they are aggregated to quarterly horizons (henceforth denoted by h) by averag-
ing. Figure 3 displays an illustrative snapshot of a future contract as shown in
Bloomberg Terminal, where column Last collects the Futures Pricet,m in the for-
mula above.

4Further details in A.2.
5Bloomberg tickers: “FF1 Comdty” to “FF36 Comdty”.
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Figure 3: Exemplificative Bloomberg Terminal view of 30-Day Federal Funds futures — Generic
1st continuous contract (FF1 COMB Comdty).

Extracting expectations from traded securities insures against several concerns re-
garding survey forecasts, from cheap talk critiques (Crawford and Sobel (1982),
Ottaviani and Sørensen (2006)) to the many documented biases professional fore-
casters and household exhibit (Laster et al. (1999), Malmendier and Nagel (2016),
Bordalo et al. (2020), Gemmi and Valchev (2023), Amodeo (2024)). However,
financial prices embed a risk premium potentially causing them to diverge from
actual expectations (Piazzesi and Swanson (2008))6. Estimates of such premia are
very small compared to the disagreements I document and are even more negli-
gible for short-term interest rate futures (Schmeling et al. (2022)). To allow for
this small discrepancy, in robustness I adopt commonly employed adjustments
(Piazzesi and Swanson (2008), Diercks and Carl (2019)) – also in use at the Board
of Governors – to adjust the extracted expectations.

Finally, although unsuited for some of the purposes in this study, I also analyze
the expectations proxied by the consensus estimates (simple average) of the Survey
of Professional Forecasters. Although the SPF does not include forecasts of the
overnight interest rate among its variables, I proxy for it by using the 3-month US
Treasury Bill rate.

2.3 Monetary Surprises

To proxy for monetary shocks, I use several influential high-frequency surprise
series based on traded securities’ price variation around monetary decisions. The
baseline shock series is a refinement of the high-frequency orthogonalized monetary
policy surprises of Bauer and Swanson (2023b), as proposed in the parallel study

6In Appendix E.1, I show a theoretical microfoundation of prices as (rational) measures of
expectations for agents endowed with constant absolute risk aversion preferences.
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Amodeo (2025). The data cover all FOMC announcements from 1989 to 2023, and
calculate surprises (MPSt) as the first principal component of shocks to the one,
two, three, and four-quarter Eurodollar contracts in 30-minute windows around
monetary announcements, consistently with evidence highlighting the relevance of
longer-term expectations in financial markets (Gurkaynak et al., 2005).

To address recent concerns of predictability in high-frequency surprises, I orthog-
onalize each MPSt with respect to latest available release of six macrofinancial
variables on the same day of the monetary announcement7. Following Amodeo
(2025), orthogonalization takes place at the observation (meeting) level and then
the purged series is aggregated to monthly frequency, so that shocks are ex ante
orthogonal to information available at the time of the decision (i.e., they are un-
predictable). By contrast, Bauer and Swanson (2023a) aggregate first and or-
thogonalize afterwards. The resulting series, MPS_ORTHt, constitutes the baseline
instrument for the monetary shocks throughout, although a range of alternative
popular series – including the original Bauer and Swanson (2023a) – is used for
robustness at every stage.

Figure 4: Orthogonalized high-frequency monetary surprises (MPS_ORTH) from Bauer and Swan-
son (2023b), Amodeo (2025).

7These being the variables described in Bauer and Swanson (2023b): the surprise in nonfarm
payrolls, employment growth, a measure of S&P 500 growth, the change in the slope of the yield
curve, the log change in the Bloomberg Commodity Spot Price index, and the implied skewness
of the 10-year Treasury yield. Details in Appendix A.3
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3 Empirical Results

The main empirical findings are organized in three parts. First, I provide descrip-
tive evidence of my measure of disagreement, defined as the difference between
the Fed’s and the market’s expectations of the future path of the Federal Funds
Rate, and argue that adding it to standard VARs improves the forecasting of
macroeconomic aggregates and the policy rate.

Second, and crucially, I study the consequences of disagreement for monetary pol-
icy transmission. I find that disagreement attenuates the effects of monetary shocks
on the economy, as I show for the response of output (industrial production) as a
function of disagreement levels. Numerous variations on the empirical specifica-
tion corroborate the relevance of this novel measure in explaining state-dependent
effects of monetary policy and known outstanding puzzles.

Finally, I compare statistically the forecasting accuracy of Fed, Markets, and (in
appendix) the consensus of the Survey of Professional Forecasters in predicting
the future monetary policy. In contrast to the prevailing narrative and to previous
results, I find that the market overperforms the Fed at all forecasting horizons, and,
distinctly but consistently, that the Fed does not possess systematic information
advantage throughout the sample, with episodic exceptions concentrated around
the zero lower bound era.

3.1 Disagreement About Monetary Policy

For each forecast horizon h, define disagreement

Dh
t := EF

t (it+h)− EM
t (it+h) (1)

where it+h denotes the federal funds rate h quarters ahead, EF
t is the Fed’s expecta-

tion (from the Greenbook/Tealbook) and EM
t is the market’s expectation (implied

from traded futures). Note that by construction (1) is signed and order-sensitive
— swapping Fed and Market flips the sign; in parts of the empirical analysis, I use
its absolute value.

As a summary of differences between Fed and market expectations, I compute aver-
age disagreement simply as the arithmetic mean over the available horizons of Dh

t .
Table 1 summarizes moments and regime means. Disagreement is slow-moving and
highly persistent. Its mean is close to zero and statistically indistinguishable from
no bias; the sign is roughly balanced over the sample, with a slightly positive tilt —
the Fed’s path exceeds markets in about 47% of months. Mean absolute disagree-
ment is higher in recessions than in expansions, but the recession–expansion gap is
imprecisely estimated and not statistically significant. Overall, disagreement is at
most weakly countercyclical in magnitude and shows negligible cyclicality in sign.
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Panel A. Unconditional moments
Mean SD AR(1) Pr > 0

D̄t 0.058 0.490 0.925 0.465
|D̄t| 0.383 0.310 0.866 1
Panel B. Means by business-cycle regime

Exp. (N = 333) Rec. (N = 37) Rec−Exp p-val
D̄t 0.065 -0.005 -0.069 0.734
|D̄t| 0.375 0.454 0.079 0.275

Table 1: Disagreement: Unconditional Moments and Business-Cycle Means.
Notes: Monthly data, 1988:10–2019:12. Units: percentage points. “Rec−Exp” and p-values from
Newey–West regressions with 12 lags. D̄t is the unweighted mean of Dh

t = EF (it+h)− EM (it+h);
|D̄t| is its absolute value. NBER recession dates.

Figure 5 plots the time series of the average Dh
t over all available horizons through-

out 1988:10–2019:12, with NBER-dated recessions shaded.

Figure 5: Fed-Market Average Disagreement. Quarterly frequency. Sample: 1988:10-2019:12.
Shaded gray areas correspond to NBER recession dates.

3.2 Predictive Power of Disagreement

As previously argued, disagreement between markets’ and Fed’s expectations is
pervasive and likely reflect differential views on fundamentals, policy rules, or fu-
ture behavior of the FOMC. Then, these frequent divergences allow me to construct
a measure of disagreement that may carry information for future macroeconomic
outcomes. This section shows that such measure is indeed helpful in predictive
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exercises in commonly specified macroeconomic vector autoregressions.

As a baseline, I estimate VARs with three variables – industrial production, con-
sumer prices and the policy rate — and perform block Granger causality tests
to establish if the newly obtained disagreement variable statistically improves the
forecasting of any of the specified variables. Then, the null hypothesis H0 is that
all lag coefficients on Dh

t , . . . , D
h
t−p are zero. Rejection implies that p lags of Dh

t

improves conditional forecasts of [IPt, πt, it].

Table 2 reports block F‑statistics for horizons of one to eight quarters. The null
that disagreement (and its lags) does not Granger‑cause macroeconomic aggregates
is rejected at the 5% significance level across these horizons. At horizons seven
and eight quarters, the F‑statistics fall and the null cannot be rejected, indicating
that the predictive power of disagreement weakly fades beyond about a year and
a half.

More precisely, adding Dh
t yields non-trivial relative gains. Measured as the per-

cent drop in unexplained variance, for it it peaks near 15–16% at h = 5–6; for πt
about 9–13% at h = 5–8; for IPt about 4–8% at h = 3–6. This aligns with the
block-Granger rejections8.

Null: H0 Distribution Statistic PValue Decision
Exclude {D1

t,...,t−p} F(21,335) 2.468 0.000 Reject
Exclude {D2

t,...,t−p} F(18,340) 2.261 0.003 Reject
Exclude {D3

t,...,t−p} F(24,305) 2.224 0.001 Reject
Exclude {D4

t,...,t−p} F(18,255) 2.852 0.000 Reject
Exclude {D5

t,...,t−p} F(30,148) 2.065 0.002 Reject
Exclude {D6

t,...,t−p} F(30,141) 1.960 0.005 Reject
Exclude {D7

t,...,t−p} F(30,141) 1.417 0.092 Fail to Reject
Exclude {D8

t,...,t−p} F(27,139) 1.315 0.156 Fail to Reject
Exclude {D̄t,...,t−p} F(18,340) 2.308 0.002 Reject

Table 2: Block Granger Causality: 1-8 quarters, and Average; Null H0: Φn1,p = 0 ∀p (no
predictive power) at α = 0.05 significance level. Based on an estimated VAR with a constant
including [FFR,Dt, CPI, IP ], where Dt is either a vintage Dh

t or the summary measure D̄t.
Number of lags is picked by the most conservative between the Akaike and Schwartz Criteria
(p = max(AIC, SBC)). See Appendix C for specifics on the details of the estimation.

Consistently with the rest of the evidence, Block Granger causality tests using D̄t

as a regressor reject the null that past values of average disagreement do not help

8To quantify gains, I use the partial R2 for nested models:

Gain =
R2

aug −R2
base

1−R2
base

= 1− SSEaug

SSEbase
.

This measures the percent drop in unexplained variance.
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predict macro variables. The average measure too, therefore, provides a useful
addition in a reduced form forecasting exercise. Thus, I conclude that measures of
disagreement between Fed and market expectations carries predictive content for
monetary policy and real activity over short to medium horizons.

While Block-Granger causality can be a useful tool to establish the general in-
formativeness of the various measures of disagreement, univariate testing raises
the bar and can shed light on the specific variables that disagreement relates to.
Appendix C provides univariate test results, details the mechanics of the esti-
mation and includes a battery of robustness checks, including the estimation of
richer VARs like Gertler and Karadi (2015), which augments the system using
Gilchrist and Zakrajšek (2012)’s measure of Excess Bond Premium, or Bauer and
Swanson (2023b)’s even richer 6-variables system including indexes of the price of
commodities and unemployment. Results remain qualitatively consistent.

3.3 Disagreement and the Transmission of Monetary Policy

After demonstrating the reduced-form usefulness of a measure of disagreement be-
tween the Fed and financial markets for macroeconomic forecasting, in this section
I present the central empirical result of the paper. Does interest rate disagreement
affect the transmission of monetary policy to the economy?

To gauge whether differences in expectations affect the pass-through of the Fed’s
policy, I estimate lag-augmented local projections in the spirit of Montiel Olea and
Plagborg-Møller (2021). For each horizon h, the response of a macro variable y to
a monetary policy shock st is obtained from the following specification9:

yt+h = ch +αhst + βhst|D̄t|+ θhLagsLt−1 + εt+h (2)

where LagsLt−1 ≡
[
yt−1:t−L, st−1:t−L, |D̄t:t−L|, st−1:t−L|D̄t−1:t−L|

]′, with respec-
tive coefficients θh ≡ [ϕ1:L

h , γ1:Lh , δ0:Lh , ζ1:Lh ]; yt+h collects the macroeconomic
variables under analysis, st is a monetary policy shock, and |D̄t| is the absolute
value of the average disagreement, which I use to capture symmetric effects of
positive and negative disagreement, later relaxed. I include L lags of both the
independent and control variables, the shock, and the measure of disagreement,
according to the latest guidance in Plagborg-Møller and Wolf (2022). Notice that
in this exercise disagreement is measured before the FOMC announcement, using
expectations formed prior to the meeting so that the state of beliefs is predeter-
mined with respect to the surprise component of the decision. This allows me to
interpret the interaction coefficients as state dependence of monetary transmis-
sion with respect to ex-ante Fed–market misalignment, without post-treatment

9For brevity, I use the notation LagsLt−1 to denote the collection of lagged regressors: lags of
the dependent and control variables; lags of the shock, disagreement, and interaction term.
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contamination from information released at the FOMC itself.10

The main coefficients of interest are αh and βh. The former captures the response
of the dependent variable to a positive shock st in the absence of disagreement
(|D̄t| = 0); the latter measures the effect of the interaction term st|D̄t|, that is, it
pins down how the impact of monetary policy depends on the state of alignment
between the Fed and financial markets. In other words, βh can be thought of
as capturing the disagreement state dependence of monetary transmission to the
economy.

As a baseline, I estimate the h regressions in equation (2) using a simple monthly 3-
variable system including the overnight interest rate, the consumer price index, and
industrial production. As for the shocks, I select my own update (Amodeo, 2025)
to the orthogonalized high-frequency monetary surprises introduced by (Bauer and
Swanson, 2023b), although – as I discuss below (§ 3.3.2) – results are robust to the
choice of surprise series. Finally, I select L = 12 lags, which is a customary and
conservative choice, exceeding the selection of both the Akaike and the Schwartz
Information Criteria, and an estimation horizon of three years (h = 36). Estimat-
ing (2) across horizons allows us to evaluate the same impulse response functions
we would obtain from a structural vector autoregression (Plagborg-Møller and
Wolf, 2021).

Figure 6: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections, equation (2). Left panel: αh; right
panel: βh. Confidence bands at 68 and 90% levels. Sample: 1990-2019, N = 358 observations
(excludes 2001M9 for the 9/11 Terrorist Attacks).

Figure 6 displays the estimates of αh and βh over all available observations (N =
358) in the sample (1990-2019).
The left panel (αh) shows a highly significant, marked decrease in industrial pro-

10Alternative specifications where disagreement is measured after the FOMC announcement
are included in Appendix D.2.
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duction starting after a quarter from the impact of the shock. In states of no
disagreement between financial markets and the Fed, the response of output has
the sign predicted by standard economic theory and its dynamics follow a path
that is slightly delayed and reversely hump-shaped, reaching a trough effect at
around five to seven quarters after the impulse, mirroring well-known previous
results.
The right panel (βh) displays the opposite tendency, with a moderately sluggish
but statistically significant positive response that reaches its peak after about a
year from the impact of the shock. The interpretation of this finding is key: in
states of non-null disagreement, the (negative) response of industrial production to
a monetary policy shock is weakened in a way that is proportional to the degree of
misalignment between the interest rate expectations of financial markets and the
Fed. In other words, we observe an attenuation of the transmission of monetary
innovations to the real economy that is increasing in the level of disagreement.

In this specification, I normalize |D̄t| to have mean one, so as to be able to immedi-
ately compare the magnitudes of the left and right panels. Factoring out the shock
st in equation (2), this normalization aids interpretability, allowing to obtain the
total average effect estimated by OLS simply as the sum αh +βh

11. As is evident
at first glance, and as I show graphically in Figure D1 in Appendix D, the total
effect is heavily diminished and barely significant after five quarters, consistently
with the low power of orthogonalized surprises documented in Amodeo (2025).

Figure 7: Impulse Response Functions coefficients of Industrial Production to an orthogonalized
monetary policy shock evaluated at each |D̄t| at horizon at h = 12, estimated from lag-augmented
local projections, as in equation (2). Confidence bands at 68 and 90% levels. Sample: 1990-2019,
N = 358 observations (excludes 2001M9 for the 9/11 Terrorist Attacks).

11The estimation implements Eicker–Huber–White standard errors to allow valid inference
under unknown heteroskedasticity.
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Another useful way to visualize the findings emerging from the regressions in (2)
is to fix the estimated coefficients at a given horizon h and allow the disagreement
level vary in the time series of the sample. I implement this at the natural threshold
of h = 12, around which both measured effects reach their maximum magnitude12.
Figure 7 depicts the total average response of industrial production a year after a
monetary shock. The occurrences of total positive effects are frequent and often
statistically significant. In fact, across the sample, they constitute about 31% of
all point estimates, with more than 2/3 (1/3) statistically significant at the 68%
(90%) confidence level.

Previous unintuitive results capturing expansionary effects of monetary tightenings
have been famously dubbed a “real activity puzzle” by the literature. In turn, the
state-dependence founded on the degree of Fed-markets disagreement documented
in Figure 6, can be further explored to assess if the degree of attenuation can offset
and even revert the baseline contraction in output in specific episodes.

Figure 8 points to the comparison between the total effects on the date of mini-
mum occurrence of disagreement, October 1997, and its maximum counterpart, on
August 200913. As expected, states of high disagreement coincide with a reversal
of the expected sign of the response, with an expansion of industrial production
starting after two to three quarters from impact. These findings suggest an ex-
planation to the activity puzzle based on the differential outlooks on future policy
held by financial markets and Fed.

Figure 8: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections, equation (2). Left panel: total
marginal effect at (second) minimum absolute average disagreement level, α̂h + β̂h|D̄1997:10|;
right panel: total marginal effect at (second) maximum absolute average disagreement level, α̂h+
β̂h|D̄2009:08|. Confidence bands at 68 and 90% levels. Sample: 1990-2019, N = 358 observations
(excludes 2001M9 for the 9/11 Terrorist Attacks).

12I include the results for h = 6, 18, 24 in Appendix D.
13Minimum and maximum computed after excluding ZLB and restricting to disagreement with

at least five quarters of data. See Appendix D for more episodes.
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Another clarifying episode is December 16, 2015 — the first lift-off from the ZLB.
The monetary surprise was positive (tightening), yet output rose in response. On
that occasion, disagreement about the rate path was positive: the Fed projected
a steeper FFR path than markets. In other words, markets priced a less severe
incoming hiking cycle, i.e. projecting more dovish financial conditions and sup-
porting demand — so the tightening shock was neutralized. Similar sign reversals
appear along the sample in both directions of policy move sign (hike/cut) and
realized surprise sign (tightening/easing).

In summary, I find evidence of a significant, protracted dampening of the transmis-
sion of monetary shocks to the economy depending on the degree of disagreement
between financial markets and the Fed. This attenuation reduces the effectiveness
of policy in a way that is proportional to the beliefs gap on future policy. The pre-
dominant interpretation of the mechanism underpinning monetary non-neutrality
is founded on different forms of intertemporal substitution by a variety of agents
(households, firms, financial intermediaries, etc.)14. In light of this, it is intuitive
to view disagreement as a friction weakening monetary pass-through, at it acts like
a wedge between the policy path the Fed intends to communicate and the path
private agents use in their spending and investment decisions. In Section 4, I will
expand on this theme by leveraging those same fundamental structures governing
intertemporal substitution in the New Keynesian model. Before doing that, how-
ever, I explore the robustness of my findings and control for relevant alternative
mechanisms that may confound this narrative15.

3.3.1 Disagreement and Uncertainty

Two identification threats are key: cyclical comovement and uncertainty. Dis-
agreement may rise in weak times or during risk spikes, and it may respond to the
volatility of the economic environment. In fact, disagreement’s endogeneity might
invalidate the state-dependent interpretation of the estimates from the regressions
in (2).

While the conservative lag-augmentation allows for a robust control of the state
of the economy, disagreement seems inherently related to the uncertainty in the
economic environment: a more uncertain or volatile outlook may widen the gap
between Fed and market forecasts. I therefore augment equation (2) one proxy at
a time, interacting the monetary policy shock with (i) the VIX, (ii) the monthly
Baker et al. (2016) Economic Policy Uncertainty (EPU) index, and (iii) the cross-
sectional dispersion of responses in the Survey of Professional Forecasters (SPF)16.

14Appendix D.12 decomposes the effects across GDP components: (i) most of the output
response — baseline and attenuation — runs through consumption and investment; (ii) contribu-
tions are proportional between the baseline and attenuation terms, implying uniform attenuation.

15Further robustness analysis is in Appendix D. For instance, D.5 excludes from the estimation
sample the ZLB era (2008:12-2015:12).

16Appendix D.6 compares the three monthly proxies directly.

19



Let υt denote one such uncertainty proxy:

yt+h = ch +αhst + βhst|D̄t|+ δhstυt + θhLagsLt−1 + εt+h (3)

where LagsLt−1 ≡
[
yt−1:t−L, st−1:t−L, |D̄t:t−L|, υt−1:t−L, st−1:t−L|D̄t−1:t−L|

]′,
with respective coefficients θh ≡ [ϕ1:L

h , γ1:Lh , δ0:Lh , µ1:L
h , ζ1:Lh ].

As Figure 9 shows for υt = V IXt, the marginal effect of disagreement (right panel)
is left practically intact, while αh – the response of industrial production to a
monetary shock in the absence of disagreement and uncertainty – is accentuated.
Appendix D.6 shows that the same conclusion survives when V IXt is replaced
by EPU or SPF dispersion: the right-panel coefficient βh remains positive. This
finding suggests that the attenuation associated with the level of disagreement
in the economy is robust to the inclusion of standard uncertainty controls. This
aligns with previous related questions on macrofinancial variable responses, as in
Zohar (2024) and Benchimol et al. (2023).

Figure 9: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections controlling for V IXt and its lags,
equation (3). Left panel: αh; right panel: βh. Confidence bands at 68 and 90% levels. Sample:
1991–2019, N = 346 observations (excludes 2001M9 for the 9/11 Terrorist Attacks).

3.3.2 Disagreement and Monetary Surprises

Another valid concern is the potential causal interplay between the shocks proxy,
st and the measure of disagreement adopted, |D̄t| (or D̄t for an asymmetric speci-
fication, see §3.3.4 below). In fact, even if monetary shocks are exogenous (as sug-
gested by Bauer and Swanson (2023b), Amodeo (2025)), the potential feedback
between the policy surprises and the expected FFR paths of Fed and financial
markets could hinder the inference drawn on the estimated coefficients (Angrist
and Pischke (2009) and Gonçalves et al. (2024)). Intuitively, identification re-
quires the “treatment” – the shock – to be orthogonal to the conditioning state
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(mathematically, the interacting variable) – disagreement.

First, I address this by investigating the correlation between the two objects of
interest. In particular, a lead-lag correlation map is useful to understand the dy-
namic relationships between variables over time, allowing for delay or anticipation
in the response of one to the other. Figure 10 displays two maps: on the left,
the correlation between the baseline orthogonalized st and the absolute value of
average disagreement |D̄t+h|, shifted ±12 months; on the right, an alternative
specification of the interacting variable without the absolute value, allowing then
the full range of motion of the conditioning state in the regressions in (2).

All across the two-year range, the correlation between monetary policy shocks
and disagreement is close to zero, and never significant. Appendix D.9 provides
a number of alternative comparisons, using a variety of influential surprise series,
and details the construction of the 95% confidence bands.

Figure 10: Left panel: Lead-Lag correlation map between orthogonalized monetary policy
shocks, and absolute average disagreement. Right panel: Lead-Lag correlation map between or-
thogonalized monetary policy shocks, and average disagreement. 95% confidence bands computed
with Fisher’s z-transform (exact method). Estimation sample: 1990-2019, N = 358 observations
(excludes 2001M9 for the 9/11 Terrorist Attacks).

Moreover, I replace the orthogonalized surprises with leading alternative shock
series (Gertler and Karadi (2015), Miranda-Agrippino and Ricco (2021), Jaro-
ciński and Karadi (2020)), and re-estimate all core specifications. I also estimate
the same local projections using the original Bauer and Swanson (2023a) shock
series, removing the adjustment in Amodeo (2025). The impulse responses and
interaction patterns remain qualitatively unchanged: disagreement still attenuates
conventional transmission on output. This stability reduces dependence on any
one high-frequency identification technique, mitigates concerns about the orthog-
onalization treatment, and increases external validity. In sum, the mechanism is
robust and economically significant across datasets, samples, and controls.

Finally, another relevant concern is that the attenuation I document might be
spurious if the shock itself differs across disagreement states. I address this is-
sue – treatment homogeneity – in Appendix D.10, proceeding in two steps: first,
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I estimate the same local projections with the interest rates (FFR, 1-year and 2-
year Treasury yields) as outcome variables, including baseline and other influential
shock series (D.10.1; D.10.2); second, I explicitly test that the identified shock is
distributionally invariant across disagreement quartiles (D.10.3).
Although the FFR shows slightly differential effects across disagreement states,
these go in the opposite direction as they would to explain the evidence of at-
tenuation (Figure D11), strengthening, if anything, the role of disagreement in
transmission; at longer maturities – more relevant and widely used – shocks are
comparable across states. Crucially, graphical inspection of histograms and densi-
ties (Figures D19, D20) and nonparametric tests (Table D3) detect no differences
in the conditional distribution of shocks across disagreement quartiles.

Overall, the evidence indicates that shocks are statistically indistinguishable across
disagreement states (i.e., treatment homogeneity is verified), securing inference and
corroborating heterogeneous transmission as the source of attenuation.

3.3.3 Bauer and Swanson (2023b) specification

A broader type of consideration one might entertain in the evaluation of the evi-
dence of attenuation emerging from equation (2), is the selection of the variables.
While widely employed and heuristically insightful, a simple three-variable sys-
tem including output, inflation, and interest rates might raise questions about its
inability to capture the complexity of economic relationships in modern macroeco-
nomic contexts. Similar considerations motivated a number of influential studies in
recent years, spurring richer VAR specifications like in Gertler and Karadi (2015)
or Bauer and Swanson (2023b)17.

Below, I replicate my key finding using the latter’s system of equations, which
encompasses and expands on Gertler and Karadi (2015)’s specification. In par-
ticular, in addition to the existing variables, I include in yt the excess bond pre-
mium (EBPt) studied by Gilchrist and Zakrajšek (2012), the unemployment rate
(unempt), and a measure of commodity prices (Pcommt)18. The excess bond pre-
mium is widely considered an important indicator of the credit conditions in the
economy, and Caldara and Herbst (2019) argue about its relevance in the estima-
tion of monetary policy effects. The unemployment rate is another indicator of
real economic activity on top of the already included industrial production index,
and I include it for comparability with some of the aforementioned studies and
other influential work by Miranda-Agrippino and Ricco (2021). Finally, Swanson

17Notice, however, that this exercise serves purposes of robustness, not identification. Identifi-
cation of the state-dependent effect comes from the interaction design under an exogenous policy
shock, and as such it is not threatened by larger systems (an application of the Frisch-Waugh-
Lovell theorem). A larger outcome vector only tests stability in richer environments.

18Since Sims (1980), commodity prices have been often included in common specifications of
VARs and local projections, more as an object of analysis itself than as a controlling factor; in
fact, alternative specification excluding such variable report almost indistinguishable results.
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and Williams (2014) advocate for the use of the 2-year Treasury yield instead of
the overnight interest rate, due to it not being constrained by the zero lower bound
period (2009-15), and it is then included in Bauer and Swanson (2023a)’s six vari-
ables system. Hence, I follow the same strategy and perform the analysis for the
2-year and 1-year Treasury yields as well as for the Fed Funds Rate.

In summary, I present in Figure 11 the estimates relative to industrial production
estimated with the same methodology as in (2), but specifying a more comprehen-
sive yt = (IPt, CPIt, EBPt, UNEMPt, PCOMMt, 2Yt)

′. The results align very
closely with the key findings of Figure 6, with the same pronounced and persistent
evidence of attenuation, and a similar pattern for the left panel, in this instance
featuring marginally wider confidence bands. It is worth noting that the slightly
weaker dampening effects are mostly due to the inclusion of the 2-year Treasury
yield – unsurprisingly less affected by the monetary policy surprises. Appendix D
showcases several variations of the specification above, including the alternative
estimates using the 1-year Treasury yield and the FFR, and systems à la Gertler
and Karadi (2015), featuring EBPt but not UNEMPt, PCOMMt. Results are
virtually unchanged. Overall, I can conclusively infer that the evidence supporting
the role of disagreement in attenuating monetary policy’s effectiveness is robust
to a number of checks, confirming the substantially state-dependent nature of its
transmission to the economy.

Figure 11: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections on augmented system à la Bauer
and Swanson (2023b). Left panel: αh; right panel: βh. Confidence bands at 68 and 90% levels.
Sample: 1990-2019, N = 358 observations (excludes 2001M9 for the 9/11 Terrorist Attacks).

Misspecification sensitivity. Appendix D.7 implements the sensitivity analy-
sis of Imbens (2003) to address general concerns about omitted variables. Inter-
preting a generic misspecification concern as an unobserved confounder Ut corre-
lated with both the interaction term st|D̄t| and the outcome yt+h, the method asks
how much of the residual variation in each object Ut must explain to overturn the
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baseline estimate. For industrial production at h = 12, the symmetric robustness
value is r2min = 12.5%: an omitted variable would need to account for at least
12.5% of the residual variance in both the interaction term and the outcome (after
partialling out all controls) to reverse the sign of β̂12. As a benchmark, VIX –
major measure of volatility and potential confounder – explains only 3.2% of the
residual variance in st|D̄t|, implying that overturning the result would require a
confounder substantially more predictive of the interaction term than standard
uncertainty proxies19.

3.3.4 Asymmetric Disagreement

The local projection specification in (2) treats disagreement’s effect symmetrically,
i.e., it does not distinguish between cases where the Fed’s projections for the FFR
are higher than the market’s and vice versa. A natural extension, then, is to allow
disagreement to affect monetary transmission heterogeneously, depending on its
sign as well as its magnitude. To study this, I advance the following specification:

D̄+
t = max(D̄t, 0), D̄−

t = min(D̄t, 0)

yt+h = ch +αhst + β+
h (stD̄

+
t ) + β−

h (stD̄
−
t ) + LagsLt−1 + εt+h

(4)

with the notation borrowing from the previous specifications in equation (2). To
clarify, I treat D̄+

t and D̄−
t as the positive and negative parts of D̄t, so |D̄t| =

D̄+
t − D̄−

t . Increasing D̄+
t or making D̄−

t more negative raises the distance from
zero, so for st > 0 attenuation corresponds to β+

h > 0 and β−
h < 020.

As in previous specifications, αh is the baseline impulse response at zero disagree-
ment, while β+

h and β−
h load the shock by the positive and negative components of

disagreement. Figure 12 shows that attenuation of the response of industrial pro-
duction (i.e., a less negative IRF for IP) obtains when β+

h > 0 for D̄+
t > 0 and when

β−
h < 0 for D̄−

t < 0. Empirically, the point estimates align with this prediction on
both sides of the distribution across horizons, implying that larger disagreement
— whether the Fed projects above or below markets — systematically dampens
monetary transmission to real activity.

To aid interpretation, D+
t and D−

t are rescaled so that their coefficients can be
read as attenuation at “typical” (average) levels of the partitioned disagreement.
While confidence bands widen once rich lag structures are included — unsurprising
given the proliferation of regressors — the shape and relative magnitude of β̂

+

h

and β̂
−
h are remarkably similar, suggesting that the level of disagreement, rather

than its sign, is the key state variable for transmission. In richer systems of
equations (including EBPt and/or UNEMPt, PCOMMt), this finding is even

19Moreover, this is only a necessary condition: additionally, unobserved confounder U should
explain a comparable share of residual variation in the outcome, making it an extremely high bar.

20I am interested in increases in |D̄t|. On the negative side this means D̄−
t becoming more

negative. Since |D̄−
t | = −D̄−

t , ∂IRFIP
t+h/∂|D̄−

t | = −β−
h st; hence β−

h < 0 implies attenuation.
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more predominant, and this symmetry in the effects emerges clearly, with the
only difference being that negative disagreement appears to have more persistent
attenuating effects.

Figure 12: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections, equation (4). Left panel: β+

h ; right
panel: β−

h . Confidence bands at 68 and 90% levels. Sample: 1990-2019, N = 358 observations
(excludes 2001M9 for the 9/11 Terrorist Attacks).

3.4 Comparing Forecast Performance

The attenuation evidence raises a natural question. In standard models featuring
the “information channel”, a policy surprise partly reveals the Fed’s private in-
formation about fundamentals. Does the Fed possess an informational edge over
markets? If so, this narrative would imply superior forecasts of the policy path. I
test this corollary. In order to gauge any evidence of superior reliability for Federal
Funds Rate forecasts, I compare accuracy across forecasters—Fed staff (Tealbook)
and market-implied expectations from federal funds futures. Importantly, market
prices are aligned to the Tealbook internal cutoffs, removing any ex post advan-
tage derived from news and data released in the days preceding the FOMC meeting
and, obviously, from meeting-day policy decisions and announcements.

Accuracy varies markedly across the sample; in some periods the Fed appears to
anticipate the path of the policy rate better than financial markets, whereas in
others the market forecast is closer to the realized federal funds rate. Figure 13
depicts the root–mean‑square forecast errors (RMSE) over all available quarterly
forecasting horizons (excluding nowcasts), averaged by non-overlapping five-year
bins21. As is immediately evident, rankings of ordinal accuracy vary throughout

21Single calendar year averages are depicted in Figure B1 Appendix B, and horizon-specific
comparisons display similarly inconclusive insights.

25



the sample and no forecaster systematically dominates the others22.

Figure 13: Five-year root mean squared forecast errors for the federal funds rate by forecaster
— Market and Fed — averaged over non-overlapping bins.

3.4.1 Accuracy Comparison

To formally evaluate differences in predictive accuracy, I conduct Diebold and
Mariano (2002) tests on all three pairs. I present below the main comparison,
between financial markets and the Fed, relegating the others comparison and the
technical details of the test to the Appendix.

Let d denote the mean loss differential between two forecasts (e.g., market minus
Fed mean–squared error) and define the DM statistic

DMh =
d̄h√

Var(d̄h)
∼ N (0, 1)

where, under MSE loss function, eit,h = (yt−Fi
t−h(yt))

2, dt,h = eMt,h− eFt,h, d̄h =
1
T

∑T
t=1 dt,h. Under the null hypothesis, both forecasts are equally accurate; values

statistically different from zero indicate that one party’s forecasts have a lower
average squared error.

Table 3 presents DM statistics for horizons from one to eight quarters. The test
rejects equal predictive accuracy at every horizon. Across all horizons the market
exhibits lower MSFE than the Fed, with gaps attenuating as the horizon lengthens.

22Appendix B also includes comparisons with the Survey of Professional Forecasters’
consensus—whose timing is inherently coarser—yield similar rank-fluctuation patterns
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Null: H0 N DM PValue Winner
Equal MSE at h = 1 243 -4.895 0.000 M
Equal MSE at h = 2 234 -3.943 0.000 M
Equal MSE at h = 3 186 -3.971 0.000 M
Equal MSE at h = 4 139 -4.367 0.000 M
Equal MSE at h = 5 127 -4.003 0.000 M
Equal MSE at h = 6 126 -3.855 0.000 M
Equal MSE at h = 7 115 -3.796 0.000 M
Equal MSE at h = 8 94 -3.996 0.000 M

Table 3: Diebold–Mariano tests of equal predictive accuracy (Market vs Fed) across horizons
with Market’s forecast on the day of the Tealbook (internal) release. Reported are sample size
N , test statistic, p-value, and the lower-MSE winner.

These results suggest that the Fed does not possess superior information relative to
markets, at least over horizons up to one year, and that the accuracy gap narrows
for longer horizons. Two relevant remarks: (i) time t represents the same day,
i.e., information sets for financial markets and the Fed are (manually) aligned to
the date of internal release of each Tealbook; (ii) markets’ expectations are risk-
adjusted according to a rule of thumb proposed in Piazzesi and Swanson (2008) and
used by the Federal Reserve Board. For robustness, results for different timings of
the forecasts by the market (FOMC meeting day, day before) and risk-unadjusted
are provided in Appendix B, with insubstantial variation in the findings.

Across horizons, the predictions embedded in financial markets’ prices consistently
outperform the Fed’s staff. An influential narrative in the monetary policy debate
is founded upon the notion of the Fed possessing some form of superior information
with respect to market participants and the market as a whole. Although the
existence of privileged information only available to the Fed’s economists who
contribute to the Tealbook projections is undeniable, this first result suggests that
such privileged information does not constitute a significant edge in forecasting the
future realizations of the Federal Funds Rate, despite it being a de facto control
variable of the Fed.

3.4.2 Revisiting Fed’s Informational Advantage

This subsection revisits explicitly whether the Fed holds an informational edge
over private expectations, a precondition for information effects that confound
monetary shock identification. Hoesch et al. (2023) proposes a test using survey
forecasts as the benchmark, but surveys are infrequent and not synchronized with
FOMC meetings or Fed forecasts, necessitating timing assumptions. I leverage
the high-frequency market expectations derived from federal funds futures to re-
estimate their test. As already discussed, traded expectations can be precisely
aligned with the Tealbook information cutoff and continuously updated, ensur-
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ing comparable information sets and flexibility in testing the robustness of the
approach. This improved timing enhances the credibility of the informational ad-
vantage test, extending its domain and offering a more stringent framework for
assessing the conjectured Fed’s forecasting edge23.
I restate the test’s logic, replicate it in a refined version replacing survey data with
the precisely timed, priced-in market expectations, and discuss the remarkably dif-
ferent findings. This preserves the original design while yielding cleaner inference
and corroborating the evidence emerged from the Diebold-Mariano tests.

As in Hoesch et al. (2023), I estimate the following regression for xt = FFRt:

xt+h − xM
t+h|t = δ + βFxFt+h|t + βMxMt+h|t + ηt+h, (5)

where xFt+h|t denotes the Federal Reserve’s Greenbook/Tealbook forecast and xMt+h|t
is the private sector’s priced-in forecast at the same horizon. The null hypothesis
H0 : β

F = 0 tests whether the Fed’s forecast adds no information beyond the mar-
kets’ prediction. A significant βF indicates that the Fed possesses an informational
advantage, as forecasters would optimally weight both forecasts rather than rely
on the private forecast alone.

Following closely the methodology in Hoesch et al. (2023), I allow for time variation
in by estimating (5) in rolling windows of size m (meetings), obtaining β̂F

t at each
mid-window t. Then, the t-statistic below is calculated:

τFt = β̂F
t

/√
σ̂2
F /m (6)

and the “Information-Advantage Fluctuation test statistic” corresponds to

IF = max
t

∣∣τFt ∣∣. (7)

Here σ̂2
F is a heteroskedasticity and autocorrelation consistent estimate (Newey–

West) of the diagonal element of the variance matrix (i.e., β̂F
t ’s variance) within

the window24.
The null H0 : βF

t = 0 ∀ t (no informational advantage at any time) is rejected
when IF exceeds its simulated critical value25; rejection implies an information

23For instance, I replicate the test not only timing markets’ forecast to the Tealbook cutoff
date, but I also experiment with one and three days in advance futures prices, to allow a buffer in
case the Tealbook predictions were formulated before their release date. Appendix D.13.1 reports
the additional results.

24Let V̂t be the Newey–West estimate of the long-run variance matrix V in the m-observation
window at time t. Define

σ̂2
F := e′F V̂teF = [V̂t]FF , V̂ar(β̂t) = V̂t/m.

25Critical values are the two-sided t-statistics analog to the Wald test values for the survey and
model-free forecasts reported in Table II, Panel C of Rossi and Sekhposyan (2016), resimulated
to closely match the sample size and rolling window size.
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advantage “at some point in time”26.

Figure 14: Information advantage—FFR. Rolling t-statistics τF
t from (5), estimated in

m = 30–meeting windows (dated at the midpoint). Dashed red lines are the two-sided 5% Rossi
and Sekhposyan (2016) critical values. HAC s.e. are Newey–West with bandwidth m1/4. Market
forecasts are extracted from Fed Funds Futures aligned to the Tealbook cutoff.

Figure 14 displays the test results at h = 1, . . . , 8 quarters horizons. Comparing
with the results reported in Figure 2 of Hoesch et al. (2023), the difference is
striking27. The rolling statistics τFt are overwhelmingly below the two–sided 5%
bands at short and medium horizons, and they remain well within the bands

26A rejection rules out the hypothesis that the central bank never had an information ad-
vantage. Previous studies using surveys report an evident advantage; by contrast, my results
contradict this, as the statistic crosses the critical bands only episodically.

27In Appendix D.13, I report the results for a variety of window lengths and window/sample
ratios, including the m = 60 Hoesch et al. (2023) implement to facilitate the comparison.
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for most of the sample. The only material excursions occur in the post-ZLB
period at longer horizons (Q5–Q8), with brief spikes earlier on. These exceedances
are narrow, clustered in the forward-guidance era, and short-lasted. The pattern
clearly does not support a general informational edge for the Fed in forecasting
the future stance of monetary policy.

3.4.3 Revisiting Time-Varying Accuracy

Complementing the information-advantage exercise, Hoesch et al. (2023) evalu-
ates the relative predictive accuracy of Fed and markets forecasts with a rolling
Giacomini and Rossi (2010), again employing survey data in the comparison28. I
repropose this analysis, for each horizon h and window of m meetings, with the
futures-based market data, timed at the closing price of the date of the Tealbook’s
internal release. Consistently with the Diebold-Mariano tests in section 3.4, as ac-
curacy criterion I consider the mean–squared forecast errors (MSFE) of the market
and the Fed.

Let the h-ahead forecast errors and their loss differential be

eFs,h = xs+h − xFs+h|s, eMs,h = xs+h − xMs+h|s, ds,h = (eMs,h)
2 − (eFs,h)

2. (8)

Within each window s ∈ {t−m+ 1, . . . , t}, I run the constant-only regression

ds,h = µt,h + us,h. (9)

Similarly to (6), the t–statistic takes the following form:

τGR
t,h = d̄t,h

/√
σ̂2

t,h/m, d̄t,h =
1

m

t∑
s=t−m+1

ds,h. (10)

I summarize time variation via the Forecast-Accuracy Fluctuation statistic

Ah = max
t

τGR
t,h , (11)

the null being H0 : µt,h = 0 ∀ t (i.e., equal MSFE at all times) is tested against the
one-sided alternative H1 : µt,h > 0 (i.e., Fed more accurate for at least one win-
dow). Intuitively, the null hypothesis is that the Tealbook and market’s forecasts
have the same predictive accuracy; under the alternative, positive values of the
test statistic indicate that the Tealbook predictive performance is more accurate.
Global rejection occurs when Ah exceeds the Giacomini–Rossi critical value29.

28Distinct, conceptually, from information advantage tests, which ask whether one forecast
adds information conditional on the other: it can be shown that such tests do not rank forecast
accuracy unless both forecasts are unbiased and their errors uncorrelated. With correlation or
bias, the mapping breaks. Giacomini and Rossi (2010), instead, targets accuracy directly by
tracking the mean loss differential, regardless of the correlation structure.

29More technical details are reported in Appendix D.13.
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Figure 15: Forecast accuracy—FFR (h = 1 : 8). Rolling τGR
t,h from regression 9 (positive ≈

Fed more accurate), estimated in m = 30–meeting windows and dated at the midpoint. Dashed
red lines mark the one-sided 5% Giacomini and Rossi (2010) critical values. HAC s.e.: Newey–
West with bandwidth m1/4. Market forecasts are extracted from Fed Funds Futures aligned to
the Tealbook cutoff.

Figure 15 displays the accuracy comparison results at h = 1, . . . , 8 quarters hori-
zons. The statistic τGR

t almost never sustains values above the one-sided 5% line.
On the contrary, for most horizons, values below the threshold and below zero
are exceedingly more common, indicating that the market’s MSFE is at least as
low as the Fed’s. In the medium run (Q6-Q7) there are short-lived peaks dur-
ing 2009–2010, coinciding with the (maintained) predictions of the Fed to keep
an accommodative stance of policy; however, these quickly reverse and the statis-
tics turn negative thereafter. Unsurprisingly, the evidence points in the opposite
direction of a Fed’s supremacy in forecasting: the market is weakly—and often
plainly—more accurate than the Fed in predicting the funds rate, consistent with
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the findings reported in 3.4.

4 Theoretical Framework

This section maps the evidence to theory. I first show that relaxing the full-
information assumption tractably introduces disagreement in a baseline New Key-
nesian model. I then derive the model’s impulse responses to characterize pol-
icy transmission in a disagreement economy, and use the empirically documented
state-dependent attenuation to obtain model restrictions. These restrictions disci-
pline the framework’s microfoundations so that it reproduces the empirical patterns
and yields sharp, testable predictions, which the model satisfies. The next section
microfounds disagreement and market learning in a model where markets update
around FOMC announcements under heterogeneous information, different policy
beliefs and Fed’s limited commitment.

4.1 Disagreement in the New Keynesian Model

Strong assumptions like full information prevent the occurrence of disagreement
in the equilibrium of standard macro models. In fact, under full information
and rationality, expectations of all economic agents coincide. To microfound the
pervasive disagreement documented in the empirical section, I assume a general
belief structure with differential information on fundamentals, heterogeneous priors
on the monetary policy rule and limited commitment (“credibility”) by the Fed.
This Section uses the core structure of the New Keynesian model to accommodate
the presence of disagreement and study its effects on monetary transmission.

Intuitively, the objective is to let the Fed announce one path for policy, while
markets act on a potentially different perceived path, and to trace how this belief
gap feeds back into aggregate demand through intertemporal substitution – a
key channel of monetary propagation – in its simplest configuration: the Euler
equation.

I start from a log-linearized consumption Euler equation, which is derived from
intertemporal household optimization, and that therefore features market expec-
tations of future real rates and consumption:

ct = − 1

σ
EM
t

[
it − πt+1 − rnt

]
+ EM

t (ct+1) (12)

where σ is the intertemporal elasticity of substitution and rnt the natural rate of
interest. Economically, this condition says that households choose consumption
so that today’s marginal utility equals the expected discounted marginal utility
tomorrow: if they anticipate a lower path of future real rates, it becomes optimal
to bring spending forward and increase current demand (consumption smoothing).
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Iterating (12) forward gives

ct = − 1

σ

∞∑
h=0

[
EM
t (it+h)− EM

t (πt+h+1)− EM
t (rnt+h)

]
(13)

Define Dt+h|t ≡ EF
t (it+h) − EM

t (it+h). Assume, for the time being, that inflation
expectations are common, i.e. EM

t (πt+h+1) = EF
t (πt+h+1), and that rn is a publicly

known constant denoted by ρ. Adding and subtracting EF
t (it+h) yields30

ct = − 1

σ

∞∑
h=0

[
EF
t (it+h)− EF

t (πt+h+1)− ρ
]
+

1

σ

∞∑
h=1

Dt+h|t (14)

where the first term represents the iterated Euler Equation (13) if the Market
shared the Fed’s beliefs. That is, if the Market and the Fed agreed. I rewrite (14)
as

ct ≡ cAgreement
t +Wt, (15)

where cAgreement
t is the conventional New Keynesian consumption implied by the

Euler Equation under full information rational expectations (FIRE) and

Wt ≡ 1

σ

∞∑
h=1

Dt+h|t (16)

represents an expectations wedge. Because Wt enters additively, it behaves like a
belief-driven demand shock: if, on average, markets expect a more accommodative
future path than the Fed (Dt+h|t > 0), then Wt > 0 and consumption is stronger
than under agreement; if they expect a tighter path (Dt+h|t < 0), Wt < 0 and
demand is weaker than what the Fed intends. The wedge therefore summarizes
how much of the announced tightening or easing is actually internalized in house-
holds’ Euler equation. In other words, disagreement distorts the market’s demand
schedule through Wt, reflecting market’s different beliefs on the future interest
rate path.

4.2 Transmission of Monetary Policy Shocks

Monetary policy follows a rule of the form it = Φ′
t EF

t (xt)+uSt , where Φt is an n×1
time-varying vector of coefficients, xt is a n × 1 vector representing (unobserved)
economic fundamentals, and uSt is a zero-mean monetary policy shock endowed
with persistence uSt = ρsu

S
t−1 + εSt . For illustration, Fed and markets may hold

30Relaxing EM
t (πt+h+1) = EF

t (πt+h+1) is immediate and leaves all qualitative results intact,
only adding a parallel wedge proportional to inflation-expectations disagreement. See the deriva-
tion in E.2 for a formalization of this argument.
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different beliefs about the policy rule coefficients, so that policy is the primitive of
disagreement (the argument is generalized below and in Section 5).

Evaluate a simple 3-equation New Keynesian structure, composed by the newly
obtained D–DIS, a standard New Keynesian Phillips Curve (NKPC) and a sim-
plified policy rule considering only inflation31. Markets and Fed disagree on the
inflation coefficient, representing the strength of response of Fed’s policy: I denote
each forecaster’s prior by ϕi

π, with i = (F,M)32.
Imposing equilibrium (ct = yt) obtains a disagreement-enhanced dynamic IS curve
(D–DIS). By replacing the interest rate rule in the D-DIS, the system takes the
following form33:

yt = − 1

σ

[
ϕπ EF

t (πt) + uSt − EF
t (πt+1)

]
+ EF

t (yt+1)− EF
t (Wt+1) +Wt,

πt = β EM
t (πt+1) + κ yt.

(17)

Relative to the standard three-equation New Keynesian model, the only new term
is Wt in the IS equation. A monetary surprise now affects output both through the
usual movement in expected real rates and through the way markets re-interpret
the whole future policy path, captured by the induced change in Wt. The propa-
gation of the shock to uSt will depend both on the structural parameters and on
the response of the endogenous variables (including Wt) which is function of the
expectation gap between Fed and markets.
Let us assume linear solutions of the form yt = Ψyu

S
t , πt = Ψπu

S
t , Wt = Ψwu

S
t .

Solving the system yields34:

Ψπ =
κ

1− βρs
Ψy,

Ψy =
(σ(1− ρs)Ψw − 1)(1− βρs)

(1− βρs)(1− ρs)σ + κ(ϕπ − ρs)

(18)

where Ψw ≡ ∂Wt/∂u
S
t represents the (impulse) response of the wedge to the shock.

Equation (18) showcases the role of disagreement in shaping the response of output
to monetary shocks: in the absence of a response of disagreement (Ψw = 0),
the expression collapses to the familiar solution (Galí, 2015); when disagreement
responds endogenously, instead, the effect of the shock on output includes an

31A more general policy rule leaves results unvaried. Appendix E.3.2 shows the case for a rule
including an output gap response.

32Note that the source of disagreement is immaterial at this point. Analogous conclusions follow
with alternative divergences. For instance, in Appendix E.3.5, markets and Fed disagree on the
persistence ρis of the shock. Section 5 addresses this systematically, with multiple simultaneous
sources of disagreement.

33See Appendix E.3.1 for the full derivation. Notice that ϕπ is the realized rule’s coefficient,
generally distinct from each forecaster’s prior, used instead to project forward rates.

34The derivation of the closed-form solution is detailed in Appendix E.3.3. Relatedly, other
solutions under alternative deviations from full information (e.g., ρFs ̸= ρMs ) are provided too.
Finally, a discussion of determinacy of the equilibrium can be found in Appendix E.4.

34



additional term. Rewriting Ψy:

Ψy = − (1− βρs)

σ(1− βρs)(1− ρs) + κ(ϕπ − ρs)︸ ︷︷ ︸
Baseline NK response

+
(1− βρs)(1− ρs)σΨw

σ(1− βρs)(1− ρs) + κ(ϕπ − ρs)
(19)

This decomposition provides a transparent interpretation of the evidence doc-
umented in the empirical section. The first term represents the conventional
output response in New Keynesian models, and it is negative under all common
parametrizations; the second term emerges from the response of disagreement to
the policy shock, and its sign determines the attenuation (or the amplification) of
the monetary effects on output35.

In particular, if Ψw > 0, the second term is positive and output responds less
to policy innovations than predicted by conventional theory. Intuitively, after a
positive surprise, an increase in disagreement acts as a counter-force, dampening
the contractionary effect of the tightening: markets expect future partial reversal,
partially offsetting the contraction and muting the response of output. By con-
trast, a decrease would reflect a closer alignment in beliefs, amplifying the response
to the shock.
Next, I connect the state-dependent restrictions emerging from the empirical re-
sults to the theoretical impulse response.

Empirical Restrictions The effects of monetary policy surprises documented
empirically imply a state-contingent interpretation of the second term in (19):
in Figure 6, the right panel (βh) indicates the presence of monetary attenuation
proportional to the level of (ex post) disagreement. Each horizons’ estimate mea-
sures the horizon-specific slope in the linear relationship between yt+h and st|D̄t|,
i.e., the offsetting force of disagreement on monetary shocks. In other words,
these results can be interpreted as revealing that in states of high disagreement
the attenuation effect is stronger, dampening and sometimes even reversing the
conventional direction of the impulse response36.

Mathematically, attenuation imposes the following restriction:

ΨL
y < ΨH

y ⇐⇒ ΨL
w < ΨH

w , (20)

that is, in states of H igh disagreement, the effect of a tightening shock is more
muted than when disagreement is Low, resulting in a lesser (if any) contraction of
output. Next, I expand on the consequences of this restriction within the model.

35Drawing a direct comparison of the terms in (19) to the local projections, the first term
relates to αh, i.e., the response of the output in the absence of disagreement; the second term
maps to βh, as I argue next.

36See the reported specific episodes associated with different levels of disagreement. Figure D3
in the Appendix shows examples on the occurrence of extreme minimum (1997m10) and maximum
(2009m8) levels of disagreement, emphasizing highly state-dependent effects.
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To bridge between the theoretical predictions and the empirical restrictions, I char-
acterize the local dynamics around differential levels of disagreement. Intuitively,
this can be thought of as log-linearizing around two different disagreement steady
states. That is, I analyze the impulse response functions of output conditioning
on high/low levels of disagreement (ΨH,L

y ):

ΨH,L
y = − (1− βρs)

σ(1− βρs)(1− ρs) + κ(ϕπ − ρs)︸ ︷︷ ︸
Baseline NK response

+
(1− βρs)(1− ρs)σΨ

H,L
w

σ(1− βρs)(1− ρs) + κ(ϕπ − ρs)
(21)

In the model, equation (20) says that the wedge responds more in H than in L
states. Formally, define A ≡ − (1−βρs)

σ(1−βρs)(1−ρs)+κ(ϕπ−ρs)
, B ≡ (1−βρs)(1−ρs)σ

σ(1−βρs)(1−ρs)+κ(ϕπ−ρs)
.

I rewrite (21) compactly:
ΨH,L

y = A+BΨH,L
w (22)

Under standard calibrations, A < 0 < B, allowing to show explicitly the implica-
tions of the positive βh as in (20):

βh > 0 ⇐⇒ ΨH
y −ΨL

y > 0 ⇐⇒ B(ΨH
w −ΨL

w) > 0 ⇐⇒ ΨH
w > ΨL

w (23)

The economic intuition for this result can be found in the intertemporal substi-
tution at the core of New Keynesian dynamics: a larger change in the wedge
translates in a larger revision by the market, resulting in a more muted reallo-
cation of intertemporal demand due to the persistent (heightened) disagreement
when in high disagreement states. For example, in response to a positive monetary
surprise (ust > 0), output will react less (ΨL

y < ΨH
y ) when market’s expectations

about future rates are revised more (ΨL
w < ΨH

w ). This can be interpreted as the
market regarding the surprise hike as a “mistake”, and therefore expecting the Fed
to “adjust” the policy trajectory in the future. This interpretation is close in spirit
to Caballero and Simsek (2022)’s notion of opinionated markets, which, although
remarkably different in mechanism, also features a framework where financial mar-
kets and Fed adjust expectations of future policy based on an understanding of
the other’s beliefs being biased.

4.2.1 Testing the model’s predictions

I test the empirical validity of the model’s prediction (20) by investigating the
behavior of the wedge Wt in different disagreement states. I proxy for the infinite
sum of disagreements using the available observations in my sample. My baseline
approach constructs a wedge series that most closely spans the duration of the
full sample period to align the theoretical predictions with the empirical findings.
Data availability in the early years of the sample is constrained, often limiting the
disagreement horizon to only two or three quarters into the future. This presents
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a tradeoff between model consistency – which would call for the longest possible
sequence – and sample representativeness – from which the key empirical results are
drawn. As a baseline, I exclude observations featuring less than three consecutive
quarters of disagreement. Intuitively, this finite-horizon wedge is the empirical
counterpart of Wt in the model. Appendix F presents alternative parametrizations
along the trade-off between disagreement length and sample duration.

To facilitate the comparison with the empirics, I test wedge dynamics by estimating
the same local projections as in the baseline results, the only difference being in
the left-hand side variable37:

Wt+h = ch +αh st + βh st|D̄t|+ LagsLt−l + εt+h (24)

Notice, in fact, that differentiating (24) with respect to st we obtain:

∂Wt+h

∂st
= αh + βh|D̄t| (25)

Where the left-hand side represents precisely the empirical analog of our object of
interest: ∂Wt+h

∂st
≡ Ψw. Then, the coefficients βh capture how Ψw varies with the

level of disagreement at each horizon h, namely its state dependence. In terms
of the model, βh tells us whether, at a given horizon, moving from low to high
disagreement makes markets lean more strongly against the surprise or move more
in the same direction.
The results of the estimation are displayed in Figure 16. They show that the
expectation wedge decreases in times of agreement and increases as a function of
the prevailing level of disagreement, with a delay of three quarters.

Figure 16: Impulse Response Functions of Wedge Wt =
∑8

j=1 Dt+j | min(3 quarters) to an
orthogonalized monetary policy shock, estimated from lag-augmented local projections, equation
(24). Left panel: αh; right panel: βh. Confidence bands at 68 and 90% levels. Sample: 1992-
2019, N = 331 observations (excludes 2001M9 for the 9/11 Terrorist Attacks).

37Plus the exclusion of h = 0 – a nowcast – from the left-hand side to avoid simultaneity.
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This finding has profound consequences on at least two dimensions. On one hand,
it confirms the theory’s prediction that the second term in the decomposition of
output’s impulse response – equation (21) – is consistent with a story of state-
dependent attenuation. On the other hand, it implies a differential updating
regime in the signal extraction by the Market; that is, it corroborates the no-
tion that financial markets embed monetary shocks in their expectations in a way
that depends on the significance of the existing gap between their expectations
and the Fed’s.

More precisely, the local projections in equation (24) provide a theory consistent
mechanism based on Fed-markets disagreement to rationalize the dampened mon-
etary effects. That is, they confirm that attenuation obtains through the dynamics
of the wedge, consistently with the fundamental intertemporal substitution mech-
anism captured by the Euler Equation.

Moreover, these findings inform the modeling of the learning that takes place
around each FOMC announcement, implying that the updating of expectations
by the market is a function of the prevailing level of disagreement at the time
of the shock. In fact, this will be the core justification of the state-dependent
belief revisions I describe next in the microfoundations of market’s expectation
formation. Informally, it suggests that, in states of low disagreement, market’s
revisions and monetary surprise have the same sign, while in high disagreement
regimes the update occurs in the opposite direction of the realized surprise38.

Wedge Dynamics Note again that the results in Figure 16 are moot on the
overall dynamics of the wedge in response to monetary shocks. Studying the total
response of the wedge – that is, its unconditional response – can instead help
pinning down the average revision behavior of financial markets. Equation (24)
also estimates this object: the average estimate of α̂h + β̂h|D̄t| coincides with the
results of a hypothetical regression of the wedge on the shock alone39. Figure 17
depicts the total marginal effect of a high-frequency monetary surprise evaluated
at the average disagreement level.

Throughout the sample, the effect on the expectational wedge appears negative,
although barely significant. This represents another useful moment for a model of
learning to match, as it indicates that, on average, we observe a slight reduction in
the disagreement gap about future rates, consistent with financial markets learning
from the monetary surprises realizing at the time of each FOMC announcement.

38Recall that EM
t (it+h) ∝ W−1

t , i.e., markets’ expectations and wedge are inversely related.
39Denoting by γ̂h the coefficient of st, γ̂h ≡ α̂h + β̂h, as I normalize |D̄t| to have mean one.
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Figure 17: Impulse Response Functions of Wedge Wt =
∑8

j=1 Dt+j | min(3 quarters) to an
orthogonalized monetary policy shock, estimated from lag-augmented local projections, equation
(24). Total average effect. Confidence bands at 68 and 90% levels. Sample: 1992-2019, N = 332
observations (excludes 2001M9 for the 9/11 Terrorist Attacks).

Although insightful, for the study of monetary attenuation it is even more revealing
to observe the time-varying behavior of the total effect as a function of the degree
of disagreement around every monetary policy decision. In fact, Figure 16 suggests
a potentially differential updating behavior based on the prevailing level of Fed-
markets expectations alignment. Then, I plot next the time-series variation of the
wedge’s total response at h = 1640.

Figure 18: Impulse Response Functions of Wedge Wt =
∑8

j=1 Dt+j | min(3 quarters) to an
orthogonalized monetary policy surprise evaluated at each |D̄t| at horizon at h = 16, estimated
from lag-augmented LPs, as in equation (24). L = 6 lags. Confidence bands at 68 and 90% levels.
Sample: 1991-2019, N = 323 observations (excludes 2001M9, for the 9/11 Terrorist Attacks).

40The choice of horizon is due to estimation precision, as the interval 5-8 quarters is the less
noisy. I employ here L = 6 lags, less than the baseline 12, to allow for tighter confidence bands.
Qualitative results are unchanged using L = 12 and different horizons’ responses (Appendix F).
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Figure 18 confirms that the wedge behavior is also highly state dependent. Av-
erage and low levels of disagreement are associated with average decreases in the
Fed-markets expectation gap, while FOMC announcements when disagreement
was high saw significant increases in the distance between the expected paths of
policy, further corroborating the pervasiveness of the channel I study. Economi-
cally, one interpretation is that when disagreement is low, markets treat surprises
as information about a shifted path and move toward the Fed, whereas when dis-
agreement is high, they treat surprises as transitory deviations and move away
from the Fed, which is exactly the configuration that generates state-dependent
attenuation in the output response41.

In the next section, I operationalize these insights in a microfounded model of
expectation formation featuring monetary disagreement.

5 Microfoundations of Disagreement and Learning

• Private signals: yi
t

• F & M form Et(it+h)

t

→ Ex-ante
Disagreement

• F sets it & FG
• MP shock realizes
• Credibility updates

t

→ Ex-post
Disagreement

t+ 1

Figure 19: Model Timeline and information flow.

This section microfounds disagreement and the markets’ learning dynamics. I em-
bed heterogeneous information, time-varying perceived rule coefficients, and im-
perfect forward-guidance credibility in a model when the market updates around
FOMC announcements using an Extended Kalman Filter. The framework links
policy surprises and guidance to belief revisions, mapping into the expectational
wedge and ultimately to state-dependent transmission. It nests the information
channel and the response to news channel, yielding sharp sign restrictions under
which they verify, and delivers estimable objects like updating gains and attribu-
tion shares.

Time is discrete and each period is divided in two sub-stages, t and t, depicted in
Figure 19. Economic fundamentals are denoted by an unobservable n×1 vector x,

41This interpretation can be thought as a generalization of Caballero and Simsek (2022)’s
notion of opinionated markets: how opinionated markets are depends on the current prevailing
disagreement. In the limit (infinite disagreement), the market is “perfectly” opinionated and
discounts completely the significance of the shock.
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that represents the n variables relevant for the conduct of monetary policy (output
gap, inflation, ...). At t, the Market (M) and the Federal Reserve (F) observe
private information and form expectations about fundamentals and interest rates.
At time t, fundamentals realize, the interest rate decision takes place and the
Federal Reserve issues a statement (guidance).

Let the n-dimensional latent state xt evolve as:

xt = ρxt−1 + ηt, ηt ∼ i.i.d.(0,Ση
t ) (26)

Throughout, ρ ∈ (−1, 1) is scalar persistence. The corresponding unobserved
vector of policy rule coefficients Φt:

Φt = Φt−1 + ωt, ωt ∼ i.i.d.(0,Σω
t ) (27)

At t, each agent i ∈ {F,M} observes a vector of noisy signals about current
fundamentals:

yi
t = xt + ε y,i

t , ε y,i
t ∼ i.i.d.(0,Σεi

t ) (28)

At t, the interest rate is set according to a monetary rule of the form

it = Φ′
t EF

t (xt) + uGt + uSt (29)

where Φt is an n× 1 time-varying vector of coefficients, uGt represents an intended
deviation from the rule (e.g., forward guidance) and uSt is a zero-mean monetary
policy shock. Simultaneously, the Fed releases a (noisy) public signal about the
deviation from the rule:

gt = uGt + νt, νt ∼ i.i.d.(0, σ2
ν,t),

uGt = ρu u
G
t−1 + ζt, ζt ∼ i.i.d.(0, σ2

ζ,t)

In other words, the Fed signals how much it deviates from the rule42. The an-
nounced deviations are perceived as uncertain by the Market, who attaches noise
νt to each horizon’s announced deviation. The perceived variance of the noise, σ2

ν,t,
can be thought of as representing the credibility of the Fed’s guidance. Times of
high disagreement correspond to periods where the Market attaches a lower weight
to the commitments expressed by the Fed, therefore relying more on its own as-
sessment and (private) information. Thus, for our purposes, one can think of σ2

ν,t

(Ση
t ) as exogenous positive (negative) functions of the expectation gap between

markets and Fed, reflecting the decreasing (increasing) reliance on guidance43.

42This type of forward guidance is conceptually close to the notion of Odyssean guidance.
43One way to characterize this dynamic (i.e., endogenize credibility) is to assume that after it

is realized, the Market updates σ2
ν,t according to the Fed’s (last) forecast error:

FEF
t ≡ it − EF

t (it)

σ2
ν,t = (1− r)σ2

ν,t−1 + r (FEF
t )

2 r ∈ (0, 1). (30)
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Learning The Market’s learning deviates from canonical structures. New in-
formation is released in two sub-periods, t and t, representing respectively the
(private) information that the private sector develops in between FOMC announce-
ments (e.g., news analysis, research), and the information that is produced as a
consequence of the monetary event (e.g., interest announcement, forward guid-
ance). Because it is the product of two unknown vectors, the observation equation
is bilinear and the classical (repeated) linear-Gaussian Kalman filter does not re-
turn the exact Bayesian posterior. Therefore, I model the Market’s learning with
an Extended Kalman Filter (EKF)44. Although I defer to Appendix E.6 a detailed
derivation of each posterior and of its variance, I summarily establish the key
equations and the logic of the learning.

Before the FOMC meeting takes place, private information is distributed to mar-
kets and Fed, representing the differential data and analysis preceding the an-
nouncement. As specified in equation (28), this is modeled linearly and featuring
Gaussian disturbances45. Then, at t, the Market and the Fed update their expecta-
tions on the state vector (zt) of unknowns (xt,Φt, u

G
t ), hence forming expectations

on future interest rates as follows. For j ∈ {M,F}:

zt ≡
(
x′
t, Φ

′
t, u

G
t

)′
, (31)

ẑ j
t|t = ẑ j

t|t−1 +K j
t µ̃j

t , (32)

E j
t

(
it+h

(
ẑ j
t|t
))

= Φ̂
j ′
t ρh x̂ j

t + ρhuû
G, j
t,h + C j

t,h. (33)

where K j
t ∈ R(2n+1)×n is the Kalman gain mapping the innovation into the state

update, µ̃j
t represents the unexpected component of the measurements (the private

signals), and C j
t,h a covariance adjustment term capturing the product of random

variables.

The second batch of observations is released at t, when the interest rate is an-
nounced and the Fed provides forward guidance on future deviations – uGt+h from
the standard Taylor rule. As I discuss formally in Appendix E.6, this is the stage
where the EKF applies. In fact, the interest rate realization constitutes a nonlinear
signal, which needs a specific extraction procedure, while the guidance announce-
ments are specified in the conventional form of “truth plus noise” signals, and
therefore can be processed separately. Conceptually, the Market updates by lin-
earizing the interest rate observation around its intermediate posteriors (z̄).

Equation (30) captures the idea that credibility declines (increases) when the Fed proves to be
wrong (right) in anticipating its monetary policy decisions. The gain coefficient r represents the
Market’s learning velocity.

44Excellent treatments of this and of related methodologies are in Simon (2006), or Särkkä
and Svensson (2023).

45Strictly speaking, Gaussian errors are not required to justify Kalman’s optimality: in a linear
state–space model with zero-mean noises of known covariances, the Kalman filter is the best linear
minimum-variance estimator. Gaussianity is only needed for global MMSE/Bayes optimality.
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By definition, the innovation with respect to the interest rate observation is the
monetary policy surprise:

MPSt ≡ it − EM
t (it)

=
[
Φ̂

F ′
t x̂F

t − Φ̂
M ′
t x̂M

t

]
+ (uGt − ûG,M

t,0 )− CM
t,0 + uSt (34)

Monetary policy surprises arise not only from true, exogenous policy shocks, but
also from markets’ imperfect knowledge of fundamentals, the Fed’s rule and guid-
ance. This feature captures the notion that (ex ante) disagreement about any ele-
ment of the policy rule affects the identification of monetary shocks: high-frequency
surprises embed belief revisions about the reaction function and forward-guidance
terms46.

Together with the guidance, MPSt is used to update the Market’s posterior at t47:

ẑt|t = z̄ +KiMPSt, (35)

EM
t (it+h(ẑt|t)) = Φ̂

M ′
t ρhx̂M

t + ρhuû
G,M
t,0 + CM

t,h (36)

therefore revising its beliefs about the fundamentals, the policy coefficients and the
deviations from the rule optimally (Bayesian). Notice that, in contrast to standard
linear filtering, the sign of the shock and of the update can differ: for instance, in
response to a positive surprise (MPSt > 0), the Market might revise their expec-
tations of the policy rate downward (Ki < 0) depending on the contemporaneous
revisions of fundamentals and guidance. I elaborate on these and related issues
next in Section 5.1.

The Fed only updates at t, as it perfectly observes its intended deviation. This is
consistent with the empirical analysis where I employ Tealbook forecasts, which do
not vary between t and t (the FOMC announcement window): EF

t (it+h) ≡ EF
t (it+h)

and is equivalent to equation (33). Then, ex post disagreement (henceforth, simply
disagreement) is:

Dt+h|t = EF
t (it+h)− EM

t (it+h)

= ρh
(
Φ̂

F ′
t x̂F

t − Φ̂
M ′
t x̂M

t

)
+ ρhu

(
ûG,F
t,0 − ûG,M

t,0

)
+
(
C F
t,h − CM

t,h

)
(37)

Thus, disagreement has four sources: (i) differing assessments of future funda-
mentals; (ii) differing views of the monetary policy rule; (iii) imperfect credibility

46It is worth pointing out the reason why C M
t,h shows in MPSt but not the Fed’s analog, C F

t,h:
as it is clear from (29), the current Taylor coefficients are modeled as a choice of the Fed, not as
an unknown. On the contrary, future coefficients are indeed unknown to the Fed, representing
possible changes in the FOMC composition, the periodic framework renewals, or political pressure,
as documented in Drechsel (2024).

47Being it linear, the order is irrelevant and guidance is embedded first in the linearized inter-
mediate posterior z̄.
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of forward guidance; and (iv) a composite covariance term induced by the policy
rule’s multiplicative structure. Monetary policy surprises update markets’ beliefs
about the future policy path — through the posteriors ẑt|t — and thereby feed
into disagreement.

Remarks. Building on (37), the framework nests familiar benchmarks by re-
moving frictions in turn. If fundamentals xt are observed, disagreement reflects
only heterogeneity in perceived policy rules and guidance beliefs:

Dt+h|t = ρh xt

(
Φ̂

F ′
t − Φ̂

M ′
t

)
+ ρhu

(
ûG,F
t,0 − ûG,M

t,0

)
.

If, in addition, the coefficients are common knowledge, the rule term drops and
disagreement is driven solely by differential beliefs about guidance shocks:

Dt+h|t = ρhu
(
ûG,F
t,0 − ûG,M

t,0

)
.

With perfect credibility on top of observability and known coefficients, those belief
gaps vanish and

Dt+h|t = 0.

Intuitively, disagreement is a wedge generated by three frictions: unobserved fun-
damentals, uncertainty about the policy rule, and imperfect credibility; removing
them collapses the wedge and restores the common-expectations benchmark.

5.1 Signal Extraction and Macro Propagation

Next, I ask how the model generates state-dependent propagation to reconnect
with the evidence of attenuation. As shown in 4.2.1, the model places wedge
dynamics at the core of monetary transmission: a shock perturbs financial markets’
beliefs in a way that can undo the familiar pass-through to the economy. More
precisely, at t (around an FOMC announcement), the wedge dynamics implied by
the Market’s signal extraction are characterized by48:

∆Wt ≡ Wt −Wt = − 1

σ

{[
Φ̄

′

1− ρ
Kx

g,t +
x̄′

1− ρ
KΦ

g,t +
1

1− ρG
Ku

g,t

]
µ̃g
t

+

[
Φ̄

′

1− ρ
Kx

i,t +
x̄′

1− ρ
KΦ

i,t +
1

1− ρG
Ku

i,t

]
µ̃i
t

}
(38)

48Equation (38) uses the strict definition of the wedge, featuring the infinite sum of Fed-
Market disagreements; a finite-horizon version is qualitatively identical, and only affects the
gains’ parametric weights. See Appendix E.7 for details.
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where µ̃g and µ̃i denote the innovations in forward guidance and the policy-rate
announcement, respectively, and K

(·)
g and K

(·)
i are the state-specific Kalman gains

that weight these innovations in the update step. Notice that (38) reflects the
effects of disagreement on learning through the state-dependent weighting of the
shocks.

For illustration, focus on the pure model-implied monetary innovation µ̃i
t. When

disagreement is high, the gains associated with the interest rate announcement
fall (K(·)

i ), rationally attributing more importance on the Market’s prior49. In
fact, under optimal filtering, gains are inversely proportional to the prior variance
(K(·)

i ∝ S−1
i per equation (E.55)), which depends on the perceived precision of the

measurements, lower when credibility is low. Disagreement, then, raises forecast
uncertainty. Since Si,t is affine and strictly increasing in it, higher disagreement
decreases the gain Ki,t. The filter therefore places less weight on the policy-rate
surprise when disagreement is high.
The same logic applies to the guidance block: its signals are discounted more
under high disagreement. Denoting by d = (H,L) the states of high and low
disagreements, suppose µ̃i

t > 0 (positive rate innovation):

K
(·),H
i,t < K

(·),L
i,t =⇒ ∆WH

t > ∆WL
t ≡ ΨH

w > ΨL
w (39)

mirroring the New Keynesian attenuation derived in (21) and tested in (24).
Hence, (39) establishes that the model’s microfoundations naturally deliver state-
dependent propagation of monetary shocks. Moreover, the closed-form expressions
for the Market’s signal extraction pin down the conditions under which each state
variable is revised, and in which direction. The following lemma summarizes.

Lemma: Signs of Updates. Under the learning model50,

sign
(
∆EM

t (xt)
)
= sign(µ̃i

t) · sign
(
Px
t Φ̄+ PxΦ

t x̄+ Pxu
t

)
,

sign
(
∆EM

t (Φt)
)
= sign(µ̃i

t) · sign
(
PΦx
t Φ̄+ PΦ

t x̄+ PΦu
t

)
,

sign
(
∆EM

t (uGt )
)
= sign(µ̃i

t) · sign
(
P ux
t Φ̄+ P uΦ

t x̄+ P u
t

)
.

where P ab
t are the (a,b) block-entries of the prior covariance matrix Pt|t = Var

(
z′t |

Ωt

)
, [x̄, Φ̄, 1] are prior means51. The sign conditions are estimable (next sec-

tion) and disciplined by matrix P . They nest the coefficients-only updates (Bauer
and Swanson, 2023b) or the fundamentals-only updates (Melosi, 2017, Miranda-

49Formally, this reflects in higher K
(·)
x , which do not show explicitly in (38), but are embedded

in the weights [Φ̄, x̄, 1] through the Jacobian underlying the linearization step of the EKF. See
E.6 for details.

50Applying the sign operator componentwise.
51More precisely, each bracket equals the prior covariance between the state and the linearized

rate Φ̄ xt + x̄Φt + uG
t ; the EKF update is a covariance–variance projection, so its sign is sign(ỹi)

times the sign of that covariance.
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Agrippino and Ricco, 2021) when cross-covariances are zero, and they enable trans-
parent attribution of revisions across xt, Φt, and uGt .

For instance, consider a single state’s update, Market’s beliefs of the policy rule
coefficients in a simple univariate rule that only responds to output. The lemma
implies that, in response to a positive (hawkish) monetary surprise, markets raise
their assessment of Fed’s reactivity to fundamentals (ϕt) if and only if

P xϕ
t > −P ϕϕ

t x̄+ P ϕu
t

ϕ̄
.

Economically, when markets believe the economy is expanding (x̄ > 0), they revise
their expectations of ϕ upward after observing a higher-than-expected rate (µi >
0), provided the cross-covariance P xϕ is not negative enough to flip the sign52.
Research has explored the empirical plausibility of negative comovements between
fundamentals and rule coefficients. Recessionary and ZLB periods are associated
with more aggressive or less gradual policy (Cogley and Sargent, 2001, Aastveit
et al., 2024, Bauer et al., 2024). These can stem from weaker policy power during
contractions (Tenreyro and Thwaites, 2016), or from omitted time variation in
the natural rate of interest, which makes Taylor rule regressions load less on the
systematic component and more on the intercept of monetary response (Holston et
al., 2017). Moreover, evidence of asymmetric central bank preferences that weight
negative gaps more than positive ones (Surico, 2004) can also generate inverse
comovements.

Beyond their empirical relevance, these results discipline influential theoretical
narratives. Consider the popular information channel, i.e., the idea that markets
interpret monetary shocks as revealing (private) information about future funda-
mentals, yielding revisions in counterintuitive directions. These narratives have
been corroborated by survey data showing that hawkish surprises are often fol-
lowed by upward revisions in output forecasts53. The model nests this notion and
characterizes the structural conditions under which it is verified. As in the pre-
vious example, the lemma implies that, given a µ̃i

t > 0, the information channel
requires

Px
t Φ̄+ PxΦ

t x̄+ Pxu
t > 0 (40)

that is, shocks and the state-specific Kalman gains must share the same sign (com-
ponentwise). Then, the conventional information channel story is a special case
where the block cross-covariances are assumed equal to zero (Px

t Φ̄ = Pxu
t = 0), so

the sign of the update matches the sign of the shock, since Px
t Φ̄ is strictly positive.

52Assuming (naturally) a strictly positive ϕ̄.
53See Bauer and Swanson (2023b) for an exhaustive discussion (and debunking) of this idea.
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5.2 Illustration: Estimation and Wedge Primitives

Finally, for exposition, I begin by estimating a two–dimensional state-space for
output gap and the corresponding policy rule coefficient (abstracting from forward
guidance). This simplification is (nearly) without loss for the rate–surprise block
because, given the timing assumed in Figure 19, the filter is invariant to the order
between the processing of the interest rate announcement and the signal gt54. The
exercise quantifies how FOMC news reallocates markets’ beliefs across the two
primitives, i.e., the state of the economy xt and the slope of the policy rule ϕt. The
key measurement is the policy rate at announcement time, which, consistently with
the general framework discussed above, is a nonlinear function in the states: it =
ϕtxt+uSt . I treat (xt, ϕt) as latent and let both evolve as stochastic processes. The
two stages are unvaried: at t, markets form expectations about current activity; as
before, I consider the yield curve slope (10Y-2Y) as priced-in expectations of the
future state of the economy, i.e., a proxy of yMt . At t, the interest rate is announced,
and inference is drawn through an EKF that updates beliefs using the meeting-
specific intermediate priors, formally represented by the Jacobian Hi,t = [ϕ̄t, x̄t]

55.

The EKF delivers time-varying Kalman gains Ki,t = [Kx
i,t,K

ϕ
i,t]

′ and posterior
means (x̂t, ϕ̂t). These are sufficient to map a given surprise into revisions of the
wedge through the equivalent expression of equation (38) for the bi-dimensional
system. In turn, wedge dynamics impact monetary transmission as per equation
(19).

Denote by µ̃i
t the innovation in the policy rate. This is used by marketk to update

on their expectation of current activity and policy responsiveness. In turn, each
update is in turn mapped into a revised expectation of future policy rates, there-
fore impacting the wedge. I summarize the impact of markets’ revisions on the
expectational wedge as

∆Wt =
σ−1

1− ρ

(
∆W x

t +∆W ϕ
t

)
∆W x

t = ϕ̄tK
x
i,t µ̃

i
t, ∆W ϕ

t = x̄tK
ϕ
i,t µ̃

i
t (41)

These model-implied, time-varying objects encode the determinants of learning:
(i) the leverage of each state in the policy rule (ϕ̄t, x̄t); (ii) the informativeness of
the rate surprise (Kx

i,t, K
ϕ
i,t); and (iii) the sign and size of the shock µ̃i

t.

The decomposition in (41) allows to report time-varying contributions to the wedge

54Technically, uG
t ’s residual uncertainty only inflates Si, leaving the sign conditions below un-

changed. Dropping uG
t tightens posteriors and clarifies mechanisms, delivering cleaner attribution

and propagation results. The full three–state EKF is estimated in Appendix E.8.
55This extra measurement pins down fundamentals. Without xM

t , the rate equation it = ϕtxt+
ut largely identifies only the product ϕtxt. Observing daily data on the yield slope disciplines the
precision of xM

t and the normal comovement of xM
t and it; conditional on that anchor, meeting-day

rate jumps load on ϕt.
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dynamics:
Cx
t =

∆W x
t

∆W x
t +∆W ϕ

t

, Cϕ
t = 1− Cx

t (42)

which attribute the wedge revision to fundamentals versus policy rule in each
meeting. A value of Cx

t = 1 means the wedge dynamics are entirely due to belief
updates about xt; notice that, due to potentially negative cross-covariances, Cx

t

and Cϕ
t are not bounded to the unit interval, but can take negative or above-

unity values. The sign of each revision is pinned down by Ki,t and Hi,t, and the
magnitude scales with the prevailing disagreement.

The EKF nests standard mechanisms of “coefficients-only’’ and “fundamentals-
only’’ update, and makes their underlying conditions explicit. While these are
respectively related to the response to news channel (Bauer and Swanson, 2023a,b)
and the information channel of monetary shocks (Nakamura and Steinsson, 2018),
the next section elaborates on a relevant distinction based on the difference between
wedge revisions and belief updates.
By generalizing both mechanisms in a single system linking shocks, learning, and
transmission, the model allows to attribute changes in the policy rate expectations
(hence in the wedge) to their primitives. Figure 20 depicts the model-implied
wedge movements at meeting, together with the relative contributions of output
and coefficient revisions.
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Figure 20: ∆Wt decomposition into fundamentals (blue) and policy-slope revisions (red).

The total wedge movement (black) closely tracks the x–channel (blue), with occa-
sional but short‐lived ϕ contributions (red). Signs often coincide—both channels
push the wedge in the same direction—yet around stress/ZLB episodes the red
bars emerge and sometimes offset the blue, producing smaller totals despite siz-
able surprises. The mapping from beliefs to the wedge is scaled by the linearization
weights, with ϕ̄t being an order of magnitude higher than x̄t. Thus, comparable
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belief revisions load more strongly on ∆Wt through the x–term. This is exactly
what we see in Figure 20.

A useful way to read it is as follows. Let us consider again the post-GFC era:
negative realizations of ∆Wt in indicate that, after dovish surprises, markets sys-
tematically mark down the expected path of future rates. This, so the (signed)
wedge becomes more negative. The decomposition clarifies why. The blue area
shows that this is largely driven by revisions to fundamentals xt: news about the
depth and persistence of slack leads investors to infer weaker demand and lower
real rates for longer, which they translate into a lower policy path. The red area,
∆W ϕ

t , captures revisions to the perceived rule: conditional on that slack, markets
infer a more aggressive reaction coefficient ϕt, i.e. stronger accommodation (QE,
“lower for longer’’ rates, etc.), thereby amplifying the wedge movement. Although
a simplification – the filter is estimated without data on inflation and forward
guidance – this matches precisely the dynamics of the wedge documented in the
previous section and the empirically verified learning by the market, gradually
lowering its expected policy path.

Quantitatively, the height of the blue and red bars is pinned down by the EKF’s
variance–covariance matrix: ∆W x

t scales with the gain on xt, Kx
i,t, while ∆W ϕ

t

scales with the gain on ϕt, Kϕ
i,t, both multiplied by the same rate surprise and the

corresponding linearization weight. Periods in which the blue component dom-
inates are those where the filter views fundamentals as relatively uncertain and
the rule as tightly pinned down, whereas visible red spikes occur when posterior
uncertainty (or covariance) about the policy slope is high, so a given surprise is
interpreted partly as news about ϕt rather than xt. The next section clarifies on
the difference between propagation (wedge) attribution and beliefs revision.

Belief Updates Note that the wedge–attribution shares answer which channel
moves the wedge, not which belief moved the most. To study belief revisions directly,
I therefore focus on the Kalman gains on the rate equation, Kx

i,t and Kϕ
i,t, which

map a given policy-rate innovation µ̃i
t into state updates, ∆xt = Kx

i,tµ̃
i
t and ∆ϕt =

Kϕ
i,tµ̃

i
t. Figure 21 plots these gains with separate vertical axes (blue for x, red for

ϕ), emphasizing that they are expressed in different units and their levels are not
directly comparable across states.

The pattern is intuitive. Because xt is relatively volatile and imperfectly observed,
the filter assigns it a sizeable and time‐varying gain (typically around 0.4–0.9), so
rate surprises are interpreted mainly as news about current conditions. By con-
trast, ϕt is modeled as a smooth latent coefficient with low process variance, so Kϕ

i,t

is small and close to zero in normal times: the rule’s slope is revised only when
shocks are large and persistent, as around the GFC and early ZLB/QE period.
Occasional spikes in Kϕ

i,t mark episodes in which the surprise is read as a change
in the reaction function itself (e.g. regime shifts in forward guidance), rather than
as pure news about the state.
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Empirically, this separation is disciplined by having two observables with distinct
loadings—xMt loads primarily on fundamentals, while the policy rate loads on the
product ϕtxt—so that rate surprises that cannot be reconciled with contempora-
neous xMt (given its estimated precision) are interpreted as revisions to ϕt rather
than to xt.
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Figure 21: Belief Updates attribution: x (blue) vs. ϕ (red).

A useful way to see this is through the post–GFC episode. The filter generates
policy surprises that are predominantly dovish, consistently with the market be-
ing persistently surprised by lower interest rates (Figure 1), with futures initially
price a faster lift–off than the Fed. When Kϕ

i,t is slightly negative, each dovish
surprise raises the estimated slope ϕt (∆ϕt = Kϕ

i,tµ̃
i
t > 0): for a given amount of

slack, markets infer that the Fed cuts more, or keeps rates lower for longer, than
previously thought. At the same time, a large Kx

i,t pushes x̂t further into negative
territory, reflecting worse-than-expected fundamentals. Over time, as ZLB/QE
policy becomes anticipated and ϕt is re-estimated, Kϕ

i,t shrinks toward zero and
revisions taper off. The EKF thus provides a structural state-space counterpart
to the empirical evidence that repeated dovish surprises at the ZLB lead markets
to reprice both slack and a steeper, more aggressive policy rule.

6 Conclusions

This paper documents and explains how Fed–Market disagreement about the pol-
icy path shapes the transmission of U.S. monetary policy. I construct a real-time,
meeting-level measure of disagreement that spans the period 1990-2019. Adding
this measure to standard VARs improves short- and medium-horizon forecasts of
activity, inflation, and the policy rate. Using lag-augmented local projections, I
show that disagreement attenuates the effects of monetary shocks on real activity
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and can even flip their sign, providing a belief-based rationale for outstanding puz-
zles like the activity puzzle. Quantitatively, a 25 basis points increase in average
disagreement reduces the magnitude of the industrial production response at a 12-
month horizon by about 51%. The attenuation is roughly symmetric in the sign
of the gap, and it is robust to alternative shock series, richer systems including
financial conditions and unemployment, and controls for uncertainty.

I then assess the information-channel premise. Aligning futures-implied expecta-
tions to Tealbook cutoffs, markets forecast the federal funds rate more accurately
than the Fed across 1–8 quarters. Rolling information-advantage tests show no
systematic Fed edge, with only brief episodes mostly concentrated in the ZLB era.
Together, these results weaken the view that puzzling announcement responses
reflect the Fed’s private news.

To organize the evidence, I derive a generalized New Keynesian framework in
which disagreement appears as a wedge in the Euler equation. The wedge scales
demand elasticities and delivers state-dependent impulse responses that mirror the
empirical patterns. I then endogenize disagreement through meeting-by-meeting
learning. A two-stage filter around each announcement uses the rate surprise and
guidance to update beliefs about fundamentals, the policy rule, and credibility.
This yields time-varying weights on news and a decomposition of the wedge into
its sources. The framework nests “information” and “response-to-news” channels
as special cases and tells us which channel moved expectations at each meeting.

Two lessons follow. First, communication and credibility are policy levers: clear,
stable guidance narrows the beliefs gap and restores standard transmission. Sec-
ond, monitoring disagreement should be routine: measuring the gap and its sources
improves policy design and the evaluation of guidance. The core point is simple:
beliefs about the policy path are a first-order state variable, and aligning them
gives monetary policy the authority to shape expectations and the economy.
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A Data

A.1 Macro Variable Construction

A.2 Expectations Extraction

A.2.1 Federal Reserve’s Expectations

The construction of FFR expectations follows in part Caballero and Simsek (2022).
I start from their replication materials (link) and apply the same principles, ex-
tending the sample to all available released data as of writing (September 2025).

Federal funds rate data (FFR) is public and downloaded drom FRED (ticker
FEDFUNDS). I use the monthly series. FOMC meeting dates come from Nakamura
and Steinsson (2018), extended by Acosta et al. (2024).

Two main inputs are used:

• Digitized Greenbook/Tealbook files. The main Greenbook dataset con-
tains quarterly projections for macro variables (see here to download). These
files are organized by FOMC meeting with quarterly horizons. A supplemen-
tal dataset lists the staff’s quarterly assumptions for financial variables, in-
cluding the federal funds rate (FFR); I use that series up to its last meeting,
which is the sixth meeting of 2008 (see here to download)56.

• Manual collection from PDFs. For meetings not digitized, I use Ca-
ballero and Simsek (2022)’s transcriptions and expand them with all new
FFR forecasts from the original Tealbooks PDFs. In total, these cover from
the seventh meeting of 2008 through the latest release as of writing, dated
November 26, 2019. See here57.

Merging the hand-collected observations with the digital files yields a single series
of FFR assumptions at the Tealbook/meeting frequency with quarterly horizons.
For most of the sample the timestamp of the Greenbook/Tealbook files is a few
days (6.6 calendar days is the average over the sample) before the corresponding
FOMC meeting.

Illustration Consider the FOMC meeting on December 16 2015. The source is
the Tealbook dated December 9 2015, whose table of the “Staff Economic Projec-
tions Compared with the September Tealbook” reports the FFR for 2015, 2016,

56Some forecasts include a “+” or “–” marker indicating that the number might be slightly
higher or lower than shown; I strip these markers and keep the numeric entries.

57The PDFs list annual numbers for the FFR for the current year and for several subsequent
years. To obtain quarterly horizons comparable to the digital files, I convert those yearly averages
to quarterly paths using a simple linear interpolation rule tied to the meeting date.
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2017 and 2018. I linearly interpolate quarter by quarter between the level implied
for the last quarter of the preceding year and the level consistent with the stated
annual average of the next year.

This approach is applied to each meeting in the hand-collected span. Each con-
structed observation is tagged with its meeting date and the projection quarter.
When a meeting is covered by both the digital financial file and a PDF, I use the
digital value in the main series and keep the alternative for audit.

The SEP Beginning with the October 2007 FOMC, participants submit individ-
ual projections that are summarized in the SEP. Since 2012 the SEP also reports
each participant’s projection for the federal funds rate, the “dot plot.” Following
Caballero and Simsek (2022), I extend their coverage to include every available
meeting from 2012 through 18 September 2024 from the SEPs posted on the Fed’s
historical archive (link) and, for later meetings, use the medians released with the
advance SEP materials on the FOMC calendar pages (link). The SEP has a yearly
forecasting horizon, for which I apply the same interpolation described above for
the manually imputed Tealbooks.

A.2.2 Financial Markets’ Expectations

Sources. I use federal funds futures prices from Bloomberg. The series are
daily, run up to 35 months ahead, and are identified by tickers FF1 Comdty–
FF36 Comdty. My sample spans September 1988 to March 2025. Prices are ex-
ported from the Bloomberg Terminal.

Construction. Futures settle at month‐end at 100 minus the average effective
FFR for that month. I convert prices to implied monthly forward rates using this
convention; see the main text for the formula. For the baseline series, for each
meeting we take end-of-day prices after the announcement so the forwards reflect
post-meeting expectations. I then match the horizons to the Fed projections.

A.3 Monetary Policy Surprises

This appendix describes the construction of the monthly orthogonalized monetary
policy surprise used in the paper. I follow Bauer and Swanson (2023b) to measure
event-level news and adopt the Amodeo (2025) “purge-then-sum” timing. The
event set comprises all scheduled FOMC statement releases from 1989–2023. For
each announcement at time t, I compute 30-minute changes in money-market fu-
tures rates for the front four quarterly contracts covering the next four quarters.
I then extract the first principal component of the four intraday rate changes,
denoted MPSt, in basis points. The principal component summarizes revisions to
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both the current target and the expected path over the following year, consistent
with evidence that longer-horizon expectations move on FOMC news (Gurkaynak
et al., 2005).

To address the documented predictability of high-frequency surprises, I orthogo-
nalize each MPSt with respect to information known before the start of the event
window on day t. Let Xt collect six predictors defined as in Bauer and Swan-
son (2023b): the surprise component of the most recent nonfarm payrolls release
(actual minus survey median), the 12-month log change in nonfarm payroll em-
ployment as of that release, the three-month log change in the S&P 500 up to t!−!1,
the three-month change in the yield-curve slope up to t!−!1, the three-month log
change in the Bloomberg Commodity Spot Price index up to t!−!1, and the option-
implied skewness of the 10-year Treasury yield averaged over the preceding month
and evaluated at t!−!1. I estimate

MPSt = α+ β′Xt + ut, MPS_ORTHt ≡ ût, (A.1)

by OLS across all announcements in the sample and retain the residual MPS_ORTHt
as the orthogonalized event-level surprise. Timing is strict: all predictors are
constructed from data with timestamps that precede the announcement window.
As emphasized in Amodeo (2025), orthogonalization must be performed at the
announcement level before aggregation; aggregating first and purging later can
leave predictable components in the monthly measure. Finally, I aggregate to the
monthly instrument by summation over the set T (m) of announcements in month
m,

MPS_ORTHm =
∑

t∈T (m)

MPS_ORTHt, (A.2)

so that ex-ante orthogonality holds at the event level and is preserved at the
monthly frequency. When a month contains multiple meetings, each event is
purged using its own Xt and then included in (A.2). Months without an an-
nouncement are set to missing. Units are basis points throughout. In imple-
mentation I drop events lacking any predictor, check intraday series for obvious
glitches, and keep all remaining observations. The resulting MPS_ORTHm series is
the baseline monetary shock used in the paper; robustness checks with alternative
high-frequency measures are reported in the main text.

A.4 Risk Premia

When comparing the Fed’s projections with market expectations, the object of
interest is the physical (risk-averse) expectation of the policy rate, as asset prices
may embed a risk premium. Although it has been discussed that risk premia are
very small — especially for short-term rate futures — relative to the documented
disagreements, I adjust extracted expectations using the recommended corrections
in Piazzesi and Swanson (2008) and Diercks and Carl (2019). Let ft,h denote the
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futures-implied rate h months ahead. Then

ft,h = Et(it+h) + TPt,h = ERN
t (it+h), (A.3)

where TPt,h is the (time-varying) term/risk premium and ERN
t the risk-neutral

expectation used for pricing. For accuracy comparisons, one should adjust ft,h to
recover Et(it+h).

Empirically, front-end premia are small but not literally zero. Using Fed funds
futures, Piazzesi and Swanson (2008) document positive, countercyclical excess
returns, implying that raw futures overstate subsequent realized short rates on
average. Recent macro-finance estimates for the front end suggest modest, fairly
persistent premia (order of 1–3 basis points per month at 6–12 month horizons),
with episodes of near-zero premia. In addition, BIS evidence indicates that much
of the apparent “excess return” at very short maturities reflects expectation errors
in rare easing episodes rather than a large systematic premium, reinforcing the
view that premia are economically small in normal times.

Implementation. I adopt two complementary adjustments: (i) a rule-of-thumb
correction

Êt(it+h) = ft,h − κh, κ ∈ [1, 3] bp per month,

benchmarked to macro-finance estimates; and (ii) a horizon truncation that re-
stricts disagreement measures to short maturities where TPt,h is negligible. Results
are robust to either approach and virtually identical when using κ = 1.

Discussion. These choices ensure that the Fed–market disagreement series re-
flect differences in expectations rather than compensation for bearing short-rate
risk. They also align the comparison target with the object relevant for forecast
evaluation, while leaving asset-pricing interpretations (which are naturally risk-
neutral) unaffected.

A.5 Descriptive Statistics for Disagreement

This appendix documents unconditional distributional features of average disagree-
ment D̄t and its absolute value |D̄t| over 1988:10–2019:12. Panel A reports location,
dispersion, and shape. Panel B shows the same by NBER regime and repeats the
mean-difference p-values from the main table. Figures referenced plot boxplots,
kernel densities by regime, Q–Q plots, and autocorrelograms (see Fig. A1–A6).
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Table A1: Additional Descriptive Statistics for Disagreement

Panel A. Overall (N=370)

Median SD IQR Skew Kurt JB p

D̄t -0.033 0.490 0.604 0.216 2.893 0.218
|D̄t| 0.288 0.310 0.440 0.939 3.018 0.000

Panel B. By business-cycle regime

Exp. Median (N = 333) Rec. Median (N = 37) Rec−Exp (mean) p (NW)

D̄t -0.040 0.214 -0.069 0.734
|D̄t| 0.266 0.435 0.079 0.275

Notes: Monthly data, 1988:10–2019:12. Units: pp. Panel A reports medians, dispersion, and
shape; JB p is the Jarque–Bera normality test. Panel B reports medians by NBER regime and
repeats the mean-difference test (Newey–West, 12 lags) from the main table.

Figure A1: Fed-Market Absolute Average Disagreement Series. Monthly frequency. Sample:
1988:10-2019:12. Shaded grey areas correspond to NBER recession dates.
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B Comparing Accuracy

Figures B1 narrows the non-overlapping bins of Figure 13 to one-year. Similar
suggestive patterns of rank-fluctuation across forecaster emerge. Figure B2 adds
to the comparison the consensus of the Survey of Professional Forecasters, again
confirming that there is not a consistently better forecaster.

Figure B1: One-year root mean squared forecast errors for the federal funds rate by forecaster
— Market and Fed — averaged over non-overlapping bins.

Figure B2: One-year root mean squared forecast errors for the federal funds rate by forecaster
— Market, Fed and SPF’s consensus — averaged over non-overlapping bins.

Tables B1-B2 below report alternative timing assumption in testing comparative
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accuracy through Diebold-Mariano tests. Respectively, they use as cutoff dates
the trading day before the FOMC meeting, and the actual FOMC meeting day.
Essentially, this amounts to providing the market with more information, as, on
average, the Tealbooks are released internally 6.6 days. Thus, it is unsurprising to
see that markets’ forecasts confirm their predictive superiority, but I display the
results anyway as a sanity check that the procedure works as expected.

Null: H0 N Statistic PValue Winner
Equal MSE at h = 1 234 -4.842 0.000 M
Equal MSE at h = 2 226 -4.155 0.000 M
Equal MSE at h = 3 179 -3.488 0.000 M
Equal MSE at h = 4 133 -3.857 0.000 M
Equal MSE at h = 5 119 -2.896 0.004 M
Equal MSE at h = 6 118 -2.697 0.007 M
Equal MSE at h = 7 107 -2.638 0.008 M
Equal MSE at h = 8 88 -2.842 0.004 M

Table B1: Diebold–Mariano tests of equal predictive accuracy (Market vs Fed) across horizons
with Market’s forecast on the day before the FOMC meeting. Reported are sample size N , test
statistic, p-value, and the lower-MSE winner.

Null: H0 N Statistic PValue Winner
Equal MSE at h = 1 240 -4.923 0.000 M
Equal MSE at h = 2 231 -3.883 0.000 M
Equal MSE at h = 3 186 -3.711 0.000 M
Equal MSE at h = 4 134 -4.058 0.000 M
Equal MSE at h = 5 119 -3.075 0.002 M
Equal MSE at h = 6 118 -2.843 0.004 M
Equal MSE at h = 7 108 -2.754 0.006 M
Equal MSE at h = 8 90 -2.933 0.003 M

Table B2: Diebold–Mariano tests of equal predictive accuracy (Market vs Fed) across horizons
with Market’s forecast on the day of the FOMC meeting. Reported are sample size N , test
statistic, p-value, and the lower-MSE winner.

B.1 Mechanics of Diebold-Mariano Tests

We have actual data {yt} and two forecasts {f1,t}, {f2,t}. For MSE loss, define

ei,t = (yt − fi,t)
2, dt = e1,t − e2,t, d =

1

T

T∑
t=1

dt
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Long-run variance:

γ̂(l) =
1

T

T∑
t=l+1

(dt − d)(dt−l − d), Ĵ = γ̂(0) + 2
L∑
l=1

wl γ̂(l),

L is maxlag (SIC); wl depends on kernel (uniform wl = 1, Bartlett wl = 1− l
L+1)

Test statistic:

DM =
d√
Ĵ/T

, p-value = 2
[
1− Φ

(
|DM |

)]
where Φ(·) is the standard normal CDF

Null Hypothesis: Equal forecast accuracy; reject if p is small.
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C Granger Causality in VAR Forecasting

Idea: determines whether a time series affects the predictions another. If adding
it reduces forecast error, we say it Granger-causes the variable

Block-Wise Test: Let y1,t denote the m1 “cause” variables and y2,t denote the
m2 “effect” variables. Consider a stationary VAR(p) model for [ y1,t, y2,t ]:[
y1,t

y2,t

]
= c+δt+βxt+

[
Φ11,1 Φ12,1

Φ21,1 Φ22,1

][
y1,t−1

y2,t−1

]
+· · ·+

[
Φ11,p Φ12,p

Φ21,p Φ22,p

][
y1,t−p

y2,t−p

]
+

[
e1,t

e2,t

]

The block-wise Granger causality test hypotheses are:

H0 : Φ21,1 = · · · = Φ21,p = 0m2×m1 H1 : ∃ j ∈ {1, . . . , p} s.t. Φ21,j ̸= 0m2,m1

C.1 Robustness of Table 2

Gertler and Karadi (2015)’s VAR Estimating the VAR on the augmented
system [FFR,D,CPI, IP,EBP ], qualitatively corroborates Table 2’s findings.

Null: H0 Distribution Statistic PValue Decision
Exclude lagged D1

t F(24,322) 1.680 0.026 Reject
Exclude lagged D2

t F(24,322) 1.744 0.018 Reject
Exclude lagged D3

t F(28,291) 1.919 0.004 Reject
Exclude lagged D4

t F(44,207) 2.214 0.000 Reject
Exclude lagged D5

t F(44,117) 2.110 0.001 Reject
Exclude lagged D6

t F(48,107) 1.723 0.011 Reject
Exclude lagged D7

t F(48,107) 1.273 0.153 Fail to Reject
Exclude lagged D8

t F(48,100) 1.405 0.078 Fail to Reject
Exclude lagged D̄t F(24,322) 1.910 0.007 Reject

Table C1: Block Granger Causality: 1–8 quarters and average disagreement. Null H0:
Φn1,p = 0 ∀p (no predictive power) at α = 0.05. Based on a VAR with constant in-
cluding [FFR,Dt, CPI, IP,EBP ], where Dt is either vintage Dh

t or D̄t. Lags selected by
max(AIC, SBC).

C.2 Univariate Granger Causality

Standard 3-variable VAR Tables C2-C4 estimate the same 3-variable system
as in Table 2, but change the null to test for variable-specific results.
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Null: H0 (FFRt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(7) 5.772 0.000 Reject
Exclude lagged D2

t F(6) 6.978 0.000 Reject
Exclude lagged D3

t F(7) 5.306 0.000 Reject
Exclude lagged D4

t F(11) 1.955 0.034 Reject
Exclude lagged D5

t F(11) 3.211 0.001 Reject
Exclude lagged D6

t F(11) 3.228 0.001 Reject
Exclude lagged D7

t F(9) 2.119 0.031 Reject
Exclude lagged D8

t F(9) 1.989 0.044 Reject
Exclude lagged D̄t F(6) 5.078 0.000 Reject

Table C2: Granger Causality tests of disagreement measures in the i equation.

Null: H0 (CPIt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(7) 1.636 0.124 Fail to Reject
Exclude lagged D2

t F(6) 0.811 0.562 Fail to Reject
Exclude lagged D3

t F(7) 0.812 0.578 Fail to Reject
Exclude lagged D4

t F(11) 5.615 0.000 Reject
Exclude lagged D5

t F(11) 3.936 0.000 Reject
Exclude lagged D6

t F(11) 3.855 0.000 Reject
Exclude lagged D7

t F(9) 1.038 0.413 Fail to Reject
Exclude lagged D8

t F(9) 0.601 0.794 Fail to Reject
Exclude lagged D̄t F(6) 1.006 0.421 Fail to Reject

Table C3: Granger Causality tests of disagreement measures in the CPI equation.

Null: H0 (IPt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(7) 2.167 0.037 Reject
Exclude lagged D2

t F(6) 1.148 0.334 Fail to Reject
Exclude lagged D3

t F(7) 1.636 0.125 Fail to Reject
Exclude lagged D4

t F(11) 1.916 0.038 Reject
Exclude lagged D5

t F(11) 1.863 0.049 Reject
Exclude lagged D6

t F(11) 1.760 0.066 Fail to Reject
Exclude lagged D7

t F(9) 1.507 0.150 Fail to Reject
Exclude lagged D8

t F(9) 0.968 0.469 Fail to Reject
Exclude lagged D̄t F(6) 1.658 0.131 Fail to Reject

Table C4: Granger Causality tests of disagreement measures in the IP equation.

Gertler and Karadi (2015)’s VAR Univariate testing can be implemented
also on the augmented system [FFR,D,CPI, IP,EBP ]. Tables C5-C8 display
the results for each variable’s results.
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Null: H0 (FFRt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(6) 5.787 0.000 Reject
Exclude lagged D2

t F(6) 6.978 0.000 Reject
Exclude lagged D3

t F(7) 5.306 0.000 Reject
Exclude lagged D4

t F(11) 1.955 0.034 Reject
Exclude lagged D5

t F(11) 3.211 0.001 Reject
Exclude lagged D6

t F(12) 2.765 0.002 Reject
Exclude lagged D7

t F(12) 1.853 0.045 Reject
Exclude lagged D8

t F(12) 1.612 0.095 Fail to Reject
Exclude lagged D̄t F(6) 5.078 0.000 Reject

Table C5: Granger causality tests of disagreement measures in the i equation.

Null: H0 (CPIt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(6) 1.691 0.122 Fail to Reject
Exclude lagged D2

t F(6) 0.811 0.562 Fail to Reject
Exclude lagged D3

t F(7) 0.812 0.578 Fail to Reject
Exclude lagged D4

t F(11) 5.615 0.000 Reject
Exclude lagged D5

t F(11) 3.936 0.000 Reject
Exclude lagged D6

t F(12) 3.685 0.000 Reject
Exclude lagged D7

t F(12) 1.961 0.032 Reject
Exclude lagged D8

t F(12) 0.740 0.711 Fail to Reject
Exclude lagged D̄t F(6) 1.006 0.421 Fail to Reject

Table C6: Granger causality tests of disagreement measures in the CPI equation.

Null: H0 (IPt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(6) 1.360 0.230 Fail to Reject
Exclude lagged D2

t F(6) 1.148 0.334 Fail to Reject
Exclude lagged D3

t F(7) 1.636 0.125 Fail to Reject
Exclude lagged D4

t F(11) 1.916 0.038 Reject
Exclude lagged D5

t F(11) 1.863 0.049 Reject
Exclude lagged D6

t F(12) 1.558 0.111 Fail to Reject
Exclude lagged D7

t F(12) 1.152 0.324 Fail to Reject
Exclude lagged D8

t F(12) 0.837 0.612 Fail to Reject
Exclude lagged D̄t F(6) 1.658 0.131 Fail to Reject

Table C7: Granger causality tests of disagreement measures in the IP equation.
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Null: H0 (EBPt) Distribution Statistic PValue Decision
Exclude lagged D1

t F(6) 0.145 0.990 Fail to Reject
Exclude lagged D2

t F(6) 0.506 0.804 Fail to Reject
Exclude lagged D3

t F(7) 2.219 0.033 Reject
Exclude lagged D4

t F(11) 2.331 0.010 Reject
Exclude lagged D5

t F(11) 3.188 0.001 Reject
Exclude lagged D6

t F(12) 2.334 0.009 Reject
Exclude lagged D7

t F(12) 0.822 0.627 Fail to Reject
Exclude lagged D8

t F(12) 0.870 0.579 Fail to Reject
Exclude lagged D̄t F(6) 0.501 0.808 Fail to Reject

Table C8: Granger causality tests of disagreement measures in the EBP equation.
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D Empirics

D.1 Total Effects: αh + βh

Baseline total effect from regression (2).

Figure D1: Impulse Response Functions of Industrial Production to an orthogonalized mon-
etary policy shock, estimated from lag-augmented local projections, equation (2). Total effect.
Confidence bands at 68 and 90% levels. Sample: 1990-2019, N = 358 observations (excludes
2001M9 for the 9/11 Terrorist Attacks).

D.2 Evidence of Attenuation: Robustness

LPs with ex-post disagreement I re-estimate the baseline LPs using ex-post
disagreement, measured after FOMC announcements, as the interaction state.

Figure D2: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections, equation (2). Left panel: αh; right
panel: βh. Confidence bands at 68 and 90% levels. Sample: 1990-2019, N = 358 observations
(excludes 2001M9 for the 9/11 Terrorist Attacks).
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The resulting IRFs in Figure D2 are very similar to the baseline: the output
response αh is contractionary, while βh > 0 implies that larger (absolute) ex-
post disagreement attenuates the real effects of a tightening. Econometrically,
this specification is valid under the same identifying assumption, although the
interpretation of its results vary.

Gertler and Karadi (2015)’s SVAR Estimating the LPs on the augmented
system [FFR,D,CPI, IP,EBP ]

Estimating the LPs on the original GK system [1Y,D,CPI, IP,EBP ]

Bauer and Swanson (2023b)’s SVAR Estimating the LPs on the augmented
system [1Y,D,CPI, IP,EBP,UNEMP,Comm] we get:
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Estimating the LPs on the augmented system [FFR,D,CPI, IP,EBP,UNEMP,Comm]
we get:

D.3 Elasticities of Monetary Effects with respect to Disagreement

Let absolute average disagreement in percentage points be |d̄t| (pp). We rescale it
by its sample mean so the regressor is unit-free and equals one at the mean:

|D̄t| =
|d̄t|
0.383

.
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The total effect at h = 12 of a one-unit monetary shock is linear in normalized
disagreement,

TE12(|D̄t|) = α12 + β12|D̄t| = α12 + β12
|d̄t|
0.383

,

with estimates α12 = −20.659, β12 = 16.074.

Baseline and magnitude At zero disagreement, TE12(0) = α12 < 0, so the
level response is a contraction. By “transmission strength’’ we mean the size of
the response, hence we study the absolute value |TE12(|D̄t|)|. Because α12 < 0
and β12 > 0, the level becomes less negative as disagreement rises. While the level
remains negative, taking the absolute value simply flips the sign:

|TE12(|D̄t|)| = −TE12(|D̄t|) = |α12| − β12|D̄t|.

Thus each unit increase in |D̄t| subtracts β12 from the magnitude; disagreement
weakens transmission.

Percent reduction per unit of disagreement To express the attenuation in
percentage terms, compare the change in magnitude to the baseline magnitude
at zero disagreement. Linearizing around |D̄t| = 0 gives the first-order change
d|TE12| = −β12 d|D̄t|. Dividing by the baseline |TE12(0)| = |α12| yields

∆|TE12|
|TE12(0)|

≈ β12
|α12|

∆|D̄t| =
β12
|α12|

∆|d̄t|
0.383

.

Because 1 basis point = 0.01 pp,

% reduction in magnitude ≈ 100 · β12
|α12|

· 1

0.383
· X

100
= 2.0314%×X for X bps.

where the formula holds within the domain of the Taylor approximation58.

58Domain of validity: the linear formula uses the local derivative at |D̄t| = 0 and is valid while
the response remains negative, i.e.

|d̄t| < |d̄∗t | := 0.383 · |α12|
β12

= 0.4923 pp (49.23 bps),

since at |d̄∗t | we have TE12 = 0 and |TE12| has a kink. Beyond this point the sign flips, so “percent
reduction of a contraction’’ is not well-defined.
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D.4 Monetary Episodes: Extra

Figure D3: Impulse responses of industrial production to an orthogonalized monetary policy
surprise, highlighting heterogeneity in the total effect αh + βh|Dt|. Top: 1994m1 vs. 2016m8.
Bottom: minimum- vs. maximum-disagreement months (1997m10 vs. 2009m8).

D.5 ZLB Exclusion

This appendix assesses whether the paper’s main local-projection results are driven
by the zero lower bound (ZLB) period. Using the same monthly specification
and horizon-by-horizon LP framework, I (i) define the ZLB window as 2008m12–
2015m12 and construct a ZLB indicator, (ii) re-estimate impulse responses allow-
ing both the level effect of the shock and the marginal effect of disagreement to
differ at the ZLB via interactions with the ZLB dummy, and (iii) report the implied
IRFs for Non-ZLB. I further run diagnostics in the form of a horizon-by-horizon
test of equality of the disagreement-slope across regimes.
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Figure D4: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock excluding 2008:12–2015:12, equation (3). Left panel: αh; right panel: βh. Confidence
bands at 68 and 90% levels. Sample: 1990-2019, N = 261 observations (excludes ZLB era and
2001M9 for the 9/11 Terrorist Attacks).

Excluding the ZLB period leaves the core mechanism intact. Unsurprisingly, drop-
ping roughly a quarter of the sample makes the LP estimates noisier and the con-
fidence bands wider, especially at medium horizons. The right panel still shows
a positive coefficient: higher Fed–market disagreement continues to attenuate the
real-side response to an orthogonalized monetary policy shock. Interestingly, the
left panel indicates that the average level effect is materially weaker off the ZLB,
while the disagreement-dependent slope remains the more stable feature of the
data. Tests of regime-stability estimation confirm the latter.

Separately, Appendix D.10.4 tests whether the monetary shock st is drawn from the
same distribution in the Zero Lower Bound period versus outside it, supporting the
state-dependent claims of state-dependent transmission which hinged on treatment
homogeneity.

D.6 Additional Uncertainty Proxies and Diagnostics

Figure D5 compares the three monthly uncertainty controls used in the paper:
the VIX, the Baker–Bloom–Davis Economic Policy Uncertainty index, and SPF
dispersion. Because these series are measured in different units, each line is divided
by its own mean over the displayed window. Table D1 reports descriptive statistics
and pairwise correlations. The three proxies comove positively, especially around
recessions, but far from perfectly, which makes them useful as complementary
controls rather than interchangeable ones.
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Figure D5: Monthly uncertainty proxies. Each series is divided by its own mean over 1990m1–
2019m12 so that the figure compares movements rather than raw units. Gray bands denote NBER
recessions.

Table D1: Monthly Uncertainty Proxies

VIX EPU SPF
VIX 1.000 0.389 0.528
EPU 0.389 1.000 0.289
SPF 0.528 0.289 1.000

Notes: The upper panel reports descriptive statistics over the paper window, 1990m1–
2019m12. The lower panel reports pairwise correlations on the common monthly sample
(N = 359), determined by the availability of the monthly VIX.

Economic Policy Uncertainty. I next replace V IXt in equation (3) with the
monthly Baker–Bloom–Davis Economic Policy Uncertainty index, EPUt. Figure
D6 shows that the disagreement slope βh remains positive, so the main atten-
uation result survives this alternative uncertainty control. Relative to the VIX
specification, the left-panel coefficient αh again becomes more negative, indicating
that the average real-side effect is more sensitive to the chosen uncertainty proxy
than the disagreement-dependent slope itself.
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Figure D6: Impulse Response Functions of Industrial Production to an orthogonalized mon-
etary policy shock, estimated from lag-augmented local projections controlling for the monthly
Economic Policy Uncertainty index, EPUt, and its lags, equation (3). Left panel: αh; right panel:
βh. Confidence bands at 68 and 90% levels. Sample: 1989–2019, N = 370 observations (excludes
2001M9 for the 9/11 Terrorist Attacks).

Survey of Professional Forecasters dispersion. I use the dispersion in the
Survey of Professional Forecasters as a measure of macro uncertainty (Bloom, 2014,
Bhandari et al., 2016). Here, SPFt is a monthly proxy: at each survey I compute
the interquartile range (P75–P25) of nominal GDP level forecasts at quarterly
horizons h = 0 to h = 4, average across horizons to form a quarterly index,
then linearly interpolate to monthly. Figure D7 shows that the marginal effect of
disagreement (right panel) on the transmission of monetary policy is left mostly
unchanged, while αh – the response of industrial production to a monetary shock
in the absence of disagreement – is much noisier. Although the point estimates
remain within the ballpark of the baseline specifications, the increase in noise is
intuitive: SPF dispersion is highly persistent (first-order autocorrelation ∼ 0.97),
so that stυt is nearly collinear with st (correlation ∼ 0.95), inflating standard
errors. Economically, SPF captures slow-moving uncertainty; including SPF and
its lags shifts identification of αh (the effect at average uncertainty) toward higher-
frequency variation.
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Figure D7: Impulse Response Functions of Industrial Production to an orthogonalized monetary
policy shock, estimated from lag-augmented local projections controlling for the dispersion of the
Survey of Professional Forecasters, SPFt, and its lags, equation (3). Left panel: αh; right panel:
βh. Confidence bands at 68 and 90% levels. Sample: 1989–2019, N = 370 observations (excludes
2001M9 for the 9/11 Terrorist Attacks).

Together with the VIX specification in the main text, these results show that the
attenuation associated with the level of disagreement in the economy is robust to
widely used financial, policy, and survey-based measures of uncertainty.

D.7 Sensitivity to Omitted Variables: Imbens (2003)

A potential concern with the local projection estimates is omitted variable bias:
an unobserved confounder Ut correlated with both the interaction term st|D̄t| and
the outcome yt+h would bias the coefficient βh. I address this concern using the
sensitivity analysis developed by Imbens (2003), which quantifies how strongly
any hypothetical confounder must correlate with both regressor and outcome to
overturn the baseline result.

Let Z̃t denote the residual from projecting the interaction term st|D̄t| onto controls,
and Ỹt+h the residual from projecting the outcome onto controls and the shock.
The sensitivity analysis constructs a hypothetical unobserved covariate Ut and
characterizes it by two partial R2 values:

R2
Z̃,U

≡
Var
(
E[Z̃t | Ut]

)
Var(Z̃t)

= 1−
E
[
Var(Z̃t | Ut)

]
Var(Z̃t)

,

R2
Ỹ ,U

≡
Var
(
E[Ỹt+h | Ut]

)
Var(Ỹt+h)

= 1−
E
[
Var(Ỹt+h | Ut)

]
Var(Ỹt+h)

.

These measure the share of residual variance in Z and Y —unexplained by observed
controls—that U would explain. Following Imbens (2003), I search over the space
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of (R2
Z̃,U

, R2
Ỹ ,U

) pairs to identify which combinations would flip the sign of β̂h.

I report the symmetric robustness value, imposing R2
Z̃,U

= R2
Ỹ ,U

≡ r2. This restric-
tion identifies the point along the diagonal of the (R2

Z̃
, R2

Ỹ
) space and corresponds

to the worst-case confounder: one equally correlated with both regressor and out-
come. The robustness value r2min is the minimal such r2 for which the adjusted β̂h

changes sign59.

Table D2: Imbens (2003) Sensitivity Analysis for β12

β̂12 t-stat r2min VIX: R2
Z̃,U

Industrial Production 15.97 2.41 12.5% 3.2%
Notes: r2min is the minimal partial R2 an omitted variable U must have with both the
interaction term and the outcome (symmetric case) to flip the sign of β̂12. The VIX
column reports the partial R2 of VIX with the interaction term as a benchmark.

Table D2 reports r2min = 12.5% for industrial production at h = 12. Any omitted
variable must explain at least 12.5% of the residual variance in both the interaction
term st|D̄t| and industrial production – after partialling out all controls – to reverse
the sign of β̂12. As a benchmark, VIX, a leading measure of uncertainty often
invoked as a potential confounder, explains only 3.2% of the residual variance in
the interaction term. An omitted variable would need to be nearly four times as
influential as VIX to invalidate the result.

D.8 Asymmetric Disagreement with Asymmetric Shocks

Define

s+t = max(st, 0) s−t = min(st, 0) D̄+
t = max(D̄t, 0) D̄−

t = min(D̄t, 0)

For horizon h, I run lag-augmented LPs (D.1) on Industrial Production separately
for h = 0, . . . , H with standard macro controls (IP, CPI, EBP, FFR):

yt+h = ch + θhLagsLt−1

+ α+
h s+t + α−

h s−t

+ ϕ+
h (s+t D̄

+
t ) + ϕ−

h (s+t D̄
−
t )

59Technical note on the symmetric case: Imbens (2003) presents contour plots over the full
(R2

Z , R
2
Y ) space. The asymmetric case is more complete but yields a 2D region rather than a

single statistic. The symmetric restriction R2
Z = R2

Y is standard in applied work because (i) it
produces a single, interpretable robustness measure; (ii) it is conservative: it corresponds to the
”worst-case” confounder configuration.
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+ λ+
h (s−t D̄

+
t ) + λ−

h (s−t D̄
−
t ) + εt+h (D.1)

with LagsLt−1 ≡
[
yt−1:t−L, st−1:t−L

]′ and θh ≡ [ϕ1:L
h , γ1:Lh ].

Interpretation of Coefficients

• α+
h : marginal effect at D̄t = 0 of a unit increase in the policy rate when the

Market is positively surprised.

• α−
h : marginal effect at D̄t = 0 of a unit increase in the policy rate when the

Market is negatively surprised.

• ϕ+
h : marginal change (attenuation/amplification) in the per-unit effect of a

policy rate increase when the Market is positively surprised (α+
h ) per-unit of

positive D̄+
t (F>M).

• ϕ−
h : marginal change (attenuation/amplification) in the per-unit effect of a

policy rate increase when the Market is positively surprised (α+
h ) per-unit of

negative D̄−
t (M>F).

• λ+
h : marginal change (attenuation/amplification) in the per-unit effect of a

policy rate increase when the Market is negatively surprised (αh) per-unit of
positive D̄+

t (F>M).

• λ−
h : marginal change (attenuation/amplification) in the per-unit effect of a

policy rate increase when the Market is negatively surprised (αh) per-unit of
negative D̄−

t (M>F).

Results and Interpretation First, I display the baseline sign-dependent ef-
fects, that is, the effects of a marginal increase in the policy rate when the Market’s
surprise is respectively positive and negative:

Figure D8: Baselines: sign-dependent IRFs when the Market’s surprise is positive (left) and
negative (right).
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Second, the marginal changes in the baseline effects (attenuation/amplification)
follow, both shock sign-dependent and disagreement sign-dependent. In particular,
the first column displays the positive-disagreement cases and the second column
displays the negative-disagreement cases, with first row collecting positive surprises
and the second row the negative surprises.

Let us start from states when the Market is negatively surprised (s−t : right panel
Figure D8, second row Figure D9). That is, we are testing the marginal effects
of a contractionary increase in the policy rate when the shock is expansionary,
i.e., negative. We observe an expected, pronounced decrease in industrial produc-
tion as a baseline effect (evaluated at D̄t = 0), while disagreement attenuates the
contraction the more the Fed’s projections are above the Market’s (D̄+

t ); on the
other hand, the marginal effects of disagreement when the Market’s expectations
are above the Fed’s follow a non-monotonic trajectory: we observe a short-lived
(0-2Q) amplification of the baseline contraction, followed by a delayed attenuation
starting at a year after the shock (4-8Q).
Stated plainly, when facing unexpectedly dovish monetary decisions, increasing
rates is conventionally contractionary in states of agreement, while it is less con-
tractionary when Market’s future expected stance on monetary policy is more
accommodative, and it initially deepens but later mitigates when the Market’s
outlook is tighter than the Fed’s.
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Figure D9: Marginals: shock & disagreement sign-dependent IRFs.
Top-left: (s+t , D̄

+
t ); top-right: (s+t , D̄

−
t ); bottom-left: (s−t , D̄

+
t ); bottom-right: (s−t , D̄

−
t ).

What are the implications for the model’s structure? In times of expansionary
surprises, on top of the conventional negative baseline New Keynesian effect, the
behavior of the expectation wedge in times when the Fed’s outlook is more hawkish
than the Market’s (Wt > 0) monotonically attenuates the contraction, meaning
that ΨH

w > ΨL
w. Conversely, when the Market’s outlook is tighter (Wt < 0),

higher disagreement produces an initial (0–2Q) amplification of the contraction
– representing ΨH

w < ΨL
w – followed by a delayed (4–8Q) attenuation, implying

ΨH
w > ΨL

w.

On the other hand, when the Market is positively surprised (s+t : left panel Figure
D8, first row Figure D9), we observe a weaker, barely significant contraction in
response to a policy rate increase (at D̄t = 0), while disagreement is much less
influential in both directions: for positive disagreement scenarios, we obtain a
short-lived, delayed (5-7Q) amplification of the contraction which is increasing
in the difference between the Fed’s projected path and the Market’s; when the
Market is more hawkish, on the contrary, we cannot detect monotonic effects of
larger disagreements on the magnitude of the (already mild) contraction.

From a theory point of view, we first conclude that the baseline New Keynesian
effect is less pronounced when conditioning on already positive shocks. Then,
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evidence from Figure D9’s top panels demonstrates similarly less striking conse-
quences of differential disagreement gaps, with the contraction being weakly (and
belatedly) amplified in cases of more positive disagreement, signifying ΨH

w < ΨL
w;

and appearing orthogonal to the disagreement magnitude in times of negative dis-
agreement, implying ΨH

w ≃ ΨL
w

60.

D.9 Lead-Lag Correlation Maps: Details & Extras

This appendix details the procedure used to map the lead–lag relation between
the monetary surprise st and disagreement Dt over horizons h ∈ [−H,H].

Step 1: Shift & correlate. For each h ∈ [−H,H] compute

ρ̂h = corr
(
st, Dt+h

)
where Dt+h = LhDt if h > 0 and F |h|Dt if h < 0. (Here L and F denote the
one-period lag and lead operators, respectively.)

Step 2: Exact 95% band (Fisher-z).

zh =
1

2
ln
(1 + ρ̂h
1− ρ̂h

)
, SE = 1/

√
N − 3

z±h = zh ± 1.96 SE, ρ±h = tanh
(
z±h
)

N is the number of overlapping (st, Dt+h) pairs at horizon h.

Step 3: Plot. Draw ρ̂h against h with the shaded confidence band
[
ρ−h , ρ

+
h

]
and

dotted axes at h = 0 and ρ = 0.

Figure D10: Left panel: Lead-Lag correlation map between monetary policy shocks from
Miranda-Agrippino and Ricco (2021), and absolute average disagreement. Right panel: same,
with average disagreement. 95% confidence bands computed with Fisher’s z-transform (exact
method). Estimation sample: 1990-2019, N = 358 observations (excludes 2001M9).

60Again notice that this does not represent a statement about the absolute effects of (negative)
disagreements on contractionary shocks, but only about its dependence on the size of disagree-
ment. That is, the restrictions imposed by the top-right panel of Figure D9 do not exclude
absolute attenuation or amplification.
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Interpretation. Values ρ̂h > 0 for h > 0 indicate that disagreement is Granger-
predicted by the surprise (information in st precedes Dt). Values ρ̂h > 0 for h < 0
indicate that shocks are moved by precedent disagreement.

D.10 Treatment Homogeneity

This appendix tests whether the monetary policy shock differs across disagree-
ment states. I re-estimate the local projections using interest-rate outcomes—the
federal funds rate (FFR), 1-year, and 2-year Treasury yields—in a three-variable
system and in standard specifications (Gertler and Karadi, 2015, Bauer and Swan-
son, 2023b). I also replace the orthogonalized surprises with leading alternatives
(Gertler and Karadi, 2015, Jarociński and Karadi, 2020, Miranda-Agrippino and
Ricco, 2021). Let αh denote the IRF in the low-disagreement state and βh the
incremental response when |Dt| is high. If βh ≃ 0, the identified shock is compa-
rable across states; deviations would indicate state-dependent shocks rather than
transmission.

D.10.1 Rate-Outcome Evidence

3-variable SVAR In the differential response depicted in Figure D11, βh is
positive and statistically non-negligible at the peak. High-disagreement meetings
feature slightly larger policy-rate moves. However, this pattern goes in the oppo-
site direction of what would be needed to mechanically generate attenuation in
macro outcomes, and therefore strengthens the heterogeneous-transmission inter-
pretation.

Figure D11: Fed Funds Rate. Local–projection IRFs from the 3-variable system shocked by
orthogonalized monetary surprises (Bauer and Swanson (2023a), Amodeo (2025)). Left panel:
baseline response αh. Right panel: differential response βh. Sample: 1990–2019, N = 358.

84



Gertler and Karadi (2015)’s SVAR Figure D12. Across the policy-relevant
window, βh is close to zero with overlapping bands. Shocks are essentially homo-
geneous across states at the 1-year maturity.

Figure D12: 1-Year Treasury Rate. Local–projection IRFs from the 4-variable system shocked
by orthogonalized monetary surprises (Bauer and Swanson (2023a), Amodeo (2025)). Left panel:
baseline response αh. Right panel: differential response βh. Sample: 1990–2019, N = 358.

Bauer and Swanson (2023b)’s SVAR Figure D.10.1. βh is near zero through-
out, and its estimates are less statistically significant than in smaller systems.
Shocks appear essentially indistinguishable across states at the 2-year maturity.

Figure D13: 2-Year Treasury Yield. Local–projection IRFs from the 6-variable system shocked
by orthogonalized monetary surprises (Bauer and Swanson (2023a), Amodeo (2025)). Left panel:
baseline response αh. Right panel: differential response βh. Sample: 1990–2019, N = 358.

In summary, any FFR differences work against a spurious-attenuation story. At
the 1-year and 2-year horizons—those most relevant and widely used in the liter-
ature (Gertler and Karadi (2015), Bauer and Swanson (2023a))—the shocks are
comparable across disagreement states, while attenuation in real activity and prices
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persists. The data favor heterogeneous transmission, not heterogeneous shocks.

D.10.2 Alternative Shocks

This section verifies that results are not driven by the shock measure. For each
leading identification, the 3-variable LP with industrial production delivers the
same qualitative pattern: αh shows a contraction followed by recovery, while the
|Dt|-dependent effects βh have a similar shape.

Bauer and Swanson (2023b)’s unadjusted orthogonalized shocks

Figure D14: Industrial Production, 3-variable system shocked by orthogonalized monetary
surprises as in Bauer and Swanson (2023b). Left: αh; Right: βh. Sample: 1990–2019, N = 358.

Gertler and Karadi (2015)’s shock

Figure D15: Industrial Production. 3-variable system shocked by high-frequency monetary
surprises as in Gertler and Karadi (2015). Left: αh; Right: βh. Sample: 1991–2012, N = 257.
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Miranda-Agrippino and Ricco (2021)’s MPI shock

Figure D16: Industrial Production, 3-variable system shocked by high-frequency Monetary
Policy Instrument (MPI) as in Miranda-Agrippino and Ricco (2021). Left: αh; Right: βh. Sample:
1992–2009, N = 215.

Jarociński and Karadi (2020)’s First Principal Component shock

Figure D17: Industrial Production, 3-variable system shocked by high-frequency monetary
surprises as in Jarociński and Karadi (2020) (first principal component). Left: αh; Right: βh.
Sample: 1991–2018, N = 331.

Jarociński and Karadi (2020)’s Identified Monetary Policy shock
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Figure D18: Industrial Production, 3-variable system shocked by high-frequency monetary
surprises as in Jarociński and Karadi (2020) (monetary shock “poor man” version). Left: αh;
Right: βh. Sample: 1991–2018, N = 331.

D.10.3 Shocks Across Disagreement States

This appendix tests whether the monetary shock is drawn from the same distri-
bution across quartiles of absolute average Fed–Market disagreement |D̄t|. Claims
about state-dependent transmission require treatment homogeneity: if the shock’s
distribution changes with the state, estimated heterogeneity could reflect different
treatments rather than different propagation.

Results reveal that disagreement states do not conceal distinct shock regimes.
Then, it is unlikely for the results to be driven by the shocks themselves differing
across states, supporting the paper’s main point of differential policy transmission.

Figure D19 shows the histograms of the baseline shocks across quartiles of the
interacting variable (absolute average disagreement). The four panels look the
similar: centered at zero with the same sharp spike at 0, thin and broadly sym-
metric tails, and no visible shift in mass across quartiles. Because bins and axes
are kept identical, visual similarity is meaningful. Moreover, I next implement
statistical formal tests of distributional similarity. Figure D20 displays the same
notions in a more direct way using kernel densities.

Table D3 displays analytical results from the comparison of shocks across disagree-
ment quartiles. Means are near zero in every quartile; standard deviations rises
modestly with disagreement, consistent with mild heteroskedasticity. The mass at
zero is statistically identical across groups.

Panel A reports sample size, means, dispersion (SD), and the share of exact zeros
by quartile. Panel B reports p-values from nonparametric tests: equality of typical
levels (Kruskal–Wallis), equality of zero shares, and pairwise KS tests of whole-
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distribution equality. When p > 0.05 we treat groups as statistically similar for
that feature.

Figure D19: Histograms of st by disagreement quartile; percent scale.

Figure D20: Kernel densities of st by disagreement quartile. A single bandwidth is used for all
groups and the support is held fixed.
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Kruskal–Wallis asks whether the typical level of the shock is the same across
groups without assuming normality. The “zero-mass” test simply compares the
share of exact zeros across groups. The two-sample Kolmogorov–Smirnov (KS)
test compares the entire shape of two distributions—center, spread, and tails—
at once. Large p-values in these tests mean the data do not provide evidence of
differences across disagreement states.
Kruskal–Wallis tests fails to reject equal locations. The proportion of zeros is
constant as well. Finally, only one unadjusted KS comparison is low (Q1–Q3), but
it is not significant after Holm–Bonferroni across six pairs.
In summary, graphical inspection and formal tests allow us to treat shocks as
distributionally equivalent across disagreement states.

Panel A. Moments by quartile

Q1 (low) Q2 Q3 Q4 (high)
N 93 92 93 92
Mean 0.0069 -0.0030 -0.0105 0.0018
SD 0.0440 0.0435 0.0478 0.0515
Pr(st = 0) 0.269 0.326 0.333 0.304

Panel B. Distributional tests (p-values unless noted)

Kruskal–Wallis χ2(3) 6.355 p = 0.0956
Zero-mass test χ2(3) 1.097 p = 0.778

Two-sample Kolmogorov-Smirnov p-values
Q1 Q2 Q3 Q4

Q1 — 0.304 0.027 0.519
Q2 0.304 — 0.551 0.771
Q3 0.027 0.551 — 0.291
Q4 0.519 0.771 0.291 —

Table D3: Moments and distributional tests of st across disagreement quartiles. Quartiles by
|D̄t|. KS entries are combined p-values. After family-wise error control (Holm–Bonferroni), no
KS comparison is significant at 5%.

D.10.4 Shocks Across the ZLB

This appendix tests whether the monetary shock st is drawn from the same dis-
tribution in the Zero Lower Bound period versus outside it. Claims about state-
dependent transmission across monetary regimes require treatment homogeneity:
if the shock distribution changes mechanically in the ZLB, estimated heterogeneity
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could reflect different treatments rather than different propagation.

I define the ZLB as 2008m12–2015m12 and Non-ZLB otherwise. After dropping
missing shocks, the sample is N = 420 (Non-ZLB: 335; ZLB: 85). Figure D21 plots
comparable histograms by regime, and Figure D22 overlays kernel densities using
a common bandwidth and common support.

Overall, the shock looks centered at zero in both regimes, with a similar spike
at exactly zero. Formal tests confirm equality of location and zero-mass, while
rejecting equality of scale: the shock is statistically more dispersed outside the
ZLB. Importantly, once standardized by the regime-specific standard deviation,
a KS test fails to reject equality of distributions (p = 0.822), suggesting the two
regimes are the same up to scale.

Figure D21: Histograms of st by regime (ZLB vs Non-ZLB); percent scale; common binning.

Figure D22: Kernel densities of st by regime. A single bandwidth is used for both groups.
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Table D4 reports moments and distributional tests. Panel A shows regime-specific
moments and the share of exact zeros. Panel B reports p-values for (i) equality
of the zero share (chi-square test), (ii) equality of central tendency (two-sample t
test and Wilcoxon rank-sum), (iii) equality of the whole distribution (two-sample
KS), and (iv) equality of dispersion (variance-ratio and Levene/Brown–Forsythe).

The evidence supports treatment homogeneity in level and zero-mass: we fail to
reject equal means (p = 0.982), equal typical levels (p = 0.985), equal whole-
distribution shapes at conventional levels (p = 0.142), and equal mass at zero
(p = 0.580). The only robust difference is dispersion: the shock variance is signif-
icantly larger outside the ZLB (variance-ratio p < 0.001; Levene/BF p = 0.0011).
Standardizing within regime removes this difference and yields no evidence against
distributional equality (standardized KS p = 0.822). In short, ZLB vs Non-ZLB
does not conceal distinct shock types; differences are primarily scale.

Panel A. Moments by regime

Non-ZLB ZLB (2008m12–2015m12)
N 335 85
Mean -0.000 0.000
SD 0.051 0.027
Pr(st = 0) 0.299 0.329

Panel B. Distributional tests (p-values unless noted)

Zero-mass test χ2(1) (share st = 0) 0.306 (p = 0.580)
Two-sample t test (mean, conditional on st ̸= 0) p = 0.982
Wilcoxon rank-sum (conditional on st ̸= 0) p = 0.985
KS test (conditional on st ̸= 0) p = 0.142

Variance-ratio test (conditional on st ̸= 0) F = 3.2 (p ∼ 0)
Levene/Brown–Forsythe (conditional on st ̸= 0) p = 0.001

KS test after within-regime standardization (st/σ̂regime) p = 0.822

Table D4: Moments and distributional tests of st across ZLB vs Non-ZLB regimes. ZLB defined
as 2008m12–2015m12. Most tests condition on st ̸= 0 to separate the spike at zero from the
continuous component.

D.11 Disagreement in LPs: Formal Results

Let st be the MP shock and Dt = EF
t −EM

t the disagreement. Define D+
t =

max(Dt, 0), D−
t = min(Dt, 0) ≤ 0. Then

Dt = D+
t +D−

t , |Dt| = D+
t −D−

t , D+
t D

−
t = 0 a.s.
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Let the true LP (after partialling out lags and st itself) be

y′t+h = βh st|Dt|+ ut+h, E[ut+h | st, Dt] = 0, E[st] = 0, st ⊥ Dt.

Case (1): absolute-value interaction. Regress y′t+h on X = st|Dt|.

β̂h =
Cov(X, y′)

Var(X)
= βh

Var(X)

Var(X)

p−→ βh.

Intuition: identification is direct because the regressor equals the true interaction.

Case (2): signed interaction only. Estimate y′t+h = β′
h stDt + noise.

β′
h =

Cov(stDt, y
′)

Var(stDt)
= βh

E[s2tDt · |Dt|]
E[s2tD2

t ]
= βh

E[Dt · |Dt|]
E[D2

t ]
.

If Dt is symmetric about 0 (so E[Dt · |Dt|] = E[sign(Dt)D
2
t ] = 0), then β′

h = 0.
Intuition: the effect is even in Dt (depends on magnitude, not sign); the signed
regressor averages positive and negative sides to zero.

Case (3): split by sign. Estimate y′t+h = β+
h (stD

+
t )+β−

h (stD
−
t )+noise. Because

D+
t D

−
t = 0 a.s.,

Cov(stD
+
t , stD

−
t ) = E[s2tD+

t D
−
t ] = 0,

so (stD
+
t , stD

−
t ) are orthogonal regressors. Using y′t+h = βhst(D

+
t −D−

t ) + u,

β+
h =

Cov(stD
+
t , y

′)

Var(stD
+
t )

= βh
Var(stD

+
t )

Var(stD
+
t )

= βh,

β−
h =

Cov(stD
−
t , y

′)

Var(stD
−
t )

= βh
−Var(stD

−
t )

Var(stD
−
t )

= −βh.

Thus plotting β+
h and −β−

h reproduces the |D|-specification.

Intuition: D−
t ≤ 0; increasing D−

t (less negative) reduces |Dt|, so its coefficient must
be the negative of the positive-side coefficient. Splitting prevents the cancellation
that kills Case (2).

Remarks. If symmetry or st ⊥ sign(Dt) fails, Case (2) can load nonzero: β′
h =

βh
E[sign(Dt)D

2
t ]

E[D2
t ]

. Testing symmetry: Wald H0 : β+
h + β−

h = 0.

Proof E[D · |D|] = E[sign(D)D2] = 0

|D| is even: |−d| = |d|. D and sign(D) are odd. Thus D · |D| = sign(D)D2 is odd. I
assume a symmetric distribution: D has pdf f with f(d) = f(−d) and E[D2] < ∞.
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Lemma (odd ⇒ zero mean). If g is odd (g(−d) = −g(d)),

E[g(D)] =

∫ ∞

−∞
g(d)f(d) dd =

∫ ∞

0
g(d)f(d) dd+

∫ 0

−∞
g(d)f(d) dd = 0.

Proof. In the second integral let u = −d:
∫ 0
−∞ g(d)f(d) dd =

∫∞
0 g(−u)f(−u) (−du) =

−
∫∞
0 g(−u)f(u) du =

∫∞
0 [−g(u)]f(u) du (oddness + symmetry) = −

∫∞
0 g(u)f(u) du.

Sum with the first integral to get 0.

Example. Take g(d) = d · |d| = sign(d)d2, which is odd. By the lemma,

E[D · |D|] = E[sign(D)D2] = 0.

Implication for Case (2). With true model y′ = β s|D| + u, E[u | s,D] = 0,
E[s] = 0, s ⊥ D,

Cov(sD, y′) = β Cov(sD, s|D|) = β{E[s2D·|D|]−E[sD]E[s|D|]} = β E[s2] E[D · |D|]︸ ︷︷ ︸
0

= 0

Hence the OLS coefficient on sD is 0 in population.

Implication for Case (3). Let D+ = max(D, 0), D− = min(D, 0) ≤ 0. Then
|D| = D+ − D− and D+D− = 0 a.s. Regress y′ on X1 = sD+ and X2 = sD−.
Orthogonality: Cov(X1, X2) = E[s2D+D−] = 0 ⇒ (X ′X) is diagonal. Since
y′ = βs(D+ −D−) + u,

β+ =
Cov(X1, y

′)

Var(X1)
= β, β− =

Cov(X2, y
′)

Var(X2)
= −β.

Thus plotting β+ and −β− reproduces the |D| specification.

Intuition. The economic effect depends on the magnitude of disagreement (even in
D). Using the signed interaction (sD) mixes equal-and-opposite contributions and
cancels under symmetry; splitting by sign (or using |D|) prevents this cancellation.

Economic Intuitions for the different specification
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• Magnitude channel. Transmission depends on the size of Fed–market
disagreement, not its sign. Empirically αh < 0 and βh > 0: larger |Dt|
attenuates the impact of the same monetary shock st (interpretation: weaker
coordination/credibility when forecasts diverge).

• Why the signed interaction fails. Replacing |Dt| with Dt estimates the
coefficient on stDt. The attenuation effect is even in Dt, so positive and
negative disagreements contribute with opposite signs and cancel. Under
symmetry of Dt around zero and st⊥Dt, Cov(stDt, st|Dt|) = E[s2tDt ·|Dt|] =
0, yielding a near-zero OLS coefficient.

• Why splitting by sign works. Writing |Dt| = D+
t − D−

t and regressing
on stD

+
t and stD

−
t recovers the magnitude channel. Because D+

t D
−
t = 0

a.s., the regressors are orthogonal and OLS returns β+
h = βh and β−

h = −βh;
plotting β+

h and −β−
h matches the |Dt| specification.

• When the signed interaction would matter. A nonzero coefficient on
stDt signals asymmetry (e.g., disagreement hurts more on one side).

D.12 Decomposing Attenuation: a GDP Accounting Perspective

This subsection asks whether the attenuation of monetary transmission operates
through specific GDP components or proportionally across them. I map local-
projection responses for consumption, investment, government purchases, and net
exports into output using the log-linearized accounting identity:

Yt = Ct + It +Gt +NXt, ŷt ≈ acĉt + aiît + ag ĝt + anxn̂xt, ax = x̄/ȳ.

Shares are set to sample averages ac = 0.66, ai = 0.16, ag = 0.20, anx = −0.02.
I estimate LPs for each component in the same system used for output, recover
the baseline response αh (shock effect at |D̄t| = 0) and the state-dependence term
βh (marginal effect per unit of disagreement), and compute contributions axx̂h at
h = 12 for illustration. The aggregate GDP response is:

Figure D23: Aggregate GDP Response to the baseline Local Projection featuring disagreement.
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Expectedly matching the evidence for industrial production. Thus, I proceed in
the national accounting identity decomposition.

At the one year horizon, the baseline contraction is well accounted for by C and
I; government spending is negligible and −NX offsets part of the decline:

α12 : ŷ12 ≃ −0.06 ≈ 0.66(−0.07)+0.16(−0.25)+0.20(0)+(−0.02)(−1.5) = −0.056,

implying approximate shares C ∼ 83%, I ∼ 71%, G ∼ 0%, and −NX ∼ −54%.

Moving to positive absolute disagreement, the attenuation term can be similarly
decomposed, and it appears originating again primarily from C and I; G remains
small and −NX offsets:

β12 : ŷ12 ≃ 0.05 ≈ 0.66(0.05) + 0.16(0.20) + 0.20(0.01) + (−0.02)(1) = 0.047,

with relative shares C ∼ 69%, I ∼ 66%, G ∼ 5%, and −NX ∼ −40%.

Figure D24: Top left: Consumption IRFs; Top right: Investment IRFs; Bottom left: Govern-
ment Expenditure; Bottom right: Net Imports.

Two conclusions follow. First, most of the output response—both baseline and
attenuation—runs through household demand and investment. Second, the pat-
tern of contributions is broadly proportional across states, indicating that disagree-
ment dampens transmission fairly homogeneously across GDP components rather
than reshuffling composition.
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D.13 Fed-Market Horse Races

This appendix details variations in the tests proposed by Hoesch et al. (2023) and
Giacomini and Rossi (2010).

D.13.1 Information Advantage Tests: Variations

Figure D25: Information advantage—FFR. Rolling t-statistics τF
t from (5), estimated in

m = 60–meeting windows (dated at the midpoint). Dashed red lines are the two-sided 5% Rossi
and Sekhposyan (2016) critical values. HAC s.e. are Newey–West with bandwidth m1/4. Market
forecasts are extracted from Fed Funds Futures aligned to the Tealbook cutoff.
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D.13.2 Accuracy Tests: Variations

Figure D26: Forecast accuracy—FFR (h = 1:8). Rolling τGR
t,h from regression 9 (positive ≈

Fed more accurate), estimated in m = 60–meeting windows and dated at the midpoint. Dashed
red lines mark the one-sided 5% Giacomini and Rossi (2010) critical values. HAC s.e.: Newey–
West with bandwidth m1/4. Market forecasts are extracted from Fed Funds Futures aligned to
the Tealbook cutoff.
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E Model and Auxiliary Results

E.1 P = E: From Market Prices to Expectations

Fix date t and a one–period futures contract on it+1 with price Pt. There is a unit
mass of traders i ∈ [0, 1], each with subjective belief Ei

t[it+1] about the payoff. Let
ξi,t denote trader i’s position in the contract (positive = long). The contract is in
zero net supply: ∫ 1

0
ξi,t di = 0. (E.1)

Assumption (linear demand). For any price Pt, trader i submits a demand
schedule

ξi,t(Pt) = βi,t
(
Ei
t[it+1]− Pt

)
, βi,t > 0, (E.2)

where βi,t summarizes i’s risk tolerance, wealth, and trading intensity. This re-
duced form is implied, for example, by CARA utility and Gaussian beliefs, or more
generally by mean–variance preferences.

Aggregation. Market clearing (E.1) and (E.2) imply

0 =

∫ 1

0
βi,t
(
Ei
t[it+1]− Pt

)
di =

∫ 1

0
βi,t Ei

t[it+1] di− Pt

∫ 1

0
βi,t di.

Solving for the equilibrium futures price,

Pt =

∫ 1

0
βi,t Ei

t[it+1] di∫ 1

0
βi,t di

. (E.3)

Hence Pt equals a risk–tolerance–weighted average of subjective expectations. If
βi,t is identical across traders, then (E.3) simplifies to

Pt =

∫ 1

0
Ei
t[it+1] di,

so the futures price coincides with the cross–sectional average belief, and, when all
condition on the same information set, Pt = EM

t [it+1].
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E.2 Augmented Euler Equation under Inflation Disagreement

Maintain the assumptions in the text that rnt = ρ is known and constant and that
the Euler equation is formed under Market expectations. Iterating forward gives

ct = − 1

σ

∞∑
h=0

[
EM
t (it+h)− EM

t (πt+h+1)− ρ
]
. (E.4)

Allow for disagreement on both the nominal rate and inflation. Define

Di
t+h|t ≡ EF

t (it+h)− EM
t (it+h), Dπ

t+h+1|t ≡ EF
t (πt+h+1)− EM

t (πt+h+1).

Add and subtract EF
t (it+h) and EF

t (πt+h+1) term by term:

ct = − 1

σ

∞∑
h=0

[
EF
t (it+h)− EF

t (πt+h+1)− ρ
]
+

1

σ

∞∑
h=0

Di
t+h|t −

1

σ

∞∑
h=0

Dπ
t+h+1|t. (E.5)

Let
cAgreement
t ≡ − 1

σ

∞∑
h=0

[
EF
t (it+h)− EF

t (πt+h+1)− ρ
]
,

and define the wedges

W i
t ≡ 1

σ

∞∑
h=0

Di
t+h|t, W π

t ≡ − 1

σ

∞∑
h=0

Dπ
t+h+1|t.

Then (E.5) is
ct = cAgreement

t + W i
t + W π

t . (E.6)

Interpretation W i
t is the rate-disagreement wedge in the text. W π

t is an inflation-
disagreement wedge with opposite sign to Dπ because inflation lowers the real rate
in the Euler equation. If EF

t (πt+h+1) > EM
t (πt+h+1) (Dπ > 0), then W π

t < 0 and
consumption is lower than under agreement; the reverse holds if the Fed expects
less inflation than the Market.

E.3 Model Results

E.3.1 Derivation of the disagreement-augmented IS

This appendix derives equation (17) from primitives. The household Euler in
market beliefs is the starting point; the wedge Wt enters as a discounted sum of
future disagreements. Define the agreement-equivalent allocation c̃t ≡ ct −Wt.

ct = − 1

σ

[
it − EM

t (πt+1)− ρ
]
+ EM

t (ct+1) Market’s Euler
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= − 1

σ

∞∑
h=0

{
EM
t (it+h)− EM

t (πt+h+1)− ρ
}
+ lim

j→∞
EM
t (ct+j)︸ ︷︷ ︸
=0

iterating forward

= − 1

σ

∞∑
h=0

{
EF
t (it+h)−Dt+h|t − EM

t (πt+h+1)− ρ
}

using Dt+h|t def.

= − 1

σ

∞∑
h=0

{
EF
t (it+h)− EF

t (πt+h+1)− ρ
}

︸ ︷︷ ︸
≡ c̃t

+
1

σ

∞∑
h=1

Dt+h|t︸ ︷︷ ︸
=Wt

impos. EM
t (π) = EF

t (π)

= − 1

σ

[
it − EF

t (πt+1)− ρ
]
+ EF

t

(
c̃t+1

)
+ Wt LIE under EF

= − 1

σ

[
it − EF

t (πt+1)− ρ
]
+ EF

t (ct+1)− EF
t (Wt+1) +Wt using c̃t+1 = ct+1 −Wt+1

The last line is the disagreement-augmented Euler in one-period form.
Imposing equilibrium ct = yt and substituting the realized rule it = ϕπ EF

t (πt)+uSt
delivers (17). Here ϕπ is the realized coefficient, which is generally defined and can
or cannot coincide with the Fed’s belief. This convention is the static counterpart
of the EKF state Φt in Section 5, where Φt is the (unobserved) objective rule
coefficient and each agent’s posterior Φj

t is an estimate of it.

E.3.2 Impulse Responses with General Rule

Below, I prove the general form of the impulse responses in the 3-equation New
Keynesian system featuring disagreement through the expectational wedge. The
proof holds identically for the less general case illustrated in the text, leading to
equations (18). Similarly, I report below the case for a persistent monetary shock
uSt = ρisu

S
t−1 + εSt , but analogous conclusions follow for an MIT shock. The same

assumption of homogeneous inflation expectations between Fed and markets hold,
but it is immediate to generalize to inflation disagreement (see E.2).

yt = − 1

σ

[
it − EF

t (πt+1)− rnt

]
+ EF

t (yt+1) +
1

σ

∞∑
k=0

Dt+k+1 rnt+1 = 0

πt = β EM
t (πt+1) + κ yt

Replacing with the interest rate rule it = ϕπ EF
t (πt) + ϕy EF

t (yt) + uSt

yt = − 1

σ

[
ϕπ EF

t (πt) + ϕy EF
t (yt) + uSt − EM

t (πt+1)
]
+ EF

t (yt+1) +Wt

πt = β EM
t (πt+1) + κ yt
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Conjecture yt = Ψyu
S
t , πt = Ψπu

S
t ,Wt = Ψwu

S
t :

Ψyu
S
t = −σ−1

[
ϕπΨπu

S
t + ϕyΨyu

S
t + uSt −Ψπρ

M
s uSt

]
+Ψyρ

F
s u

S
t − ρFs Ψwu

S
t +Ψwu

S
t

Ψπu
S
t = βρMs Ψπu

S
t + κΨyu

S
t .

(E.7)

For output, we conclude

Ψy =
(1− βρMs )(σ(1− ρFs )Ψw − 1)

σ(1− βρMs )(1− ρFs − σ−1ϕy) + κ(ϕπ − ρFs )
(E.8)

Equation (E.8) resembles (18), with the denominator featuring an additional (ex-
pected) response to output term. The closed-form solutions are detailed in E.3.3.

E.3.3 Equilibrium under Incomplete Information

Section 4 introduces a structural interpretation of the empirical findings of atten-
uation starting from the smallest deviation from commonly used full information
New Keynesian frameworks. In this exercise, the objective is not to pinpoint or
discuss the specific source of disagreement, – i.e., the type of deviation from full
information –, but to demonstrate the more general notion that any source of dis-
agreement can rationalize the observed attenuation via a testable model-implied
relationship between the (impulse) response of output and that of beliefs (dis-
agreement) – as argued in equation (19). Notice that this does not imply that the
solution under different disagreement sources is the same – it is not.

To illustrate this point, Section 4.2 postulated a simple deviation from full infor-
mation: Fed and Markets hold different beliefs on the policy coefficient governing
the reaction to inflation (ϕπ). Below, E.3.4 solves for the equilibrium (fixed point)
under this conjecture, while E.3.5 displays the same exercise under the different
hypothesis of different shock’s perceptions. Section 5 will tie everything together
in a generalized state-space where disagreement arises from multiple sources.

E.3.4 Disagreement on the Rule Coefficients

The shock is known and perceived homogeneously: uSt = ρsu
S
t−1 + εSt , but the

markets has its own expectation of the policy rule coefficient, denoted by ϕM
π (I

abstract from ϕM
y for illustration).

yt = − 1

σ

[
ϕπ EF

t (πt) + uSt − EF
t (πt+1)

]
+ EF

t (yt+1)− EF
t (Wt+1) +Wt,

πt = βEM
t (πt+1) + κ yt
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and Wt =
1
σ

∑∞
h=1Dt+h|t =

1
σ

∑∞
h=1

[
EF
t (it+h)− EM

t (it+h)
]
.

Set conjectures to yt = Ψyu
S
t , πt = Ψπu

S
t ,Wt = Ψwu

S
t . Again, adjusting the

notation, the reduced-form results in the paper (equation 18) hold:

Ψπ =
κ

1− βρs
Ψy, Ψy =

(σ(1− ρs)Ψw − 1)(1− βρs)

(1− βρs)(1− ρs)σ + κ(ϕπ − ρs)
(E.9)

I use the Wt definition to retrieve Ψw:

Ψwu
S
t =

1

σ

∞∑
h=1

[
ϕF
π EF

t (πt+h) + EF
t (u

S
t+h)− ϕM

π EM
t (πt+h)− EM

t (uSt+h)
]

=
1

σ
(ϕF

π − ϕM
π )

∞∑
h=1

E·
t(πt+h) =

(ϕF
π − ϕM

π )ρsΨπ

σ(1− ρs)
uSt .

Hence
Ψw =

(ϕF
π − ϕM

π )ρs
σ(1− ρs)

Ψπ.

Now I use the 3 equations to solve in closed-form for the 3 coefficients. Define

A ≡ κ

1− βρs
, C ≡ (ϕF

π − ϕM
π )ρs

σ(1− ρs)
.

Algebraic manipulation delivers:

Ψy =
− 1

σ

(1− ρs)(1− C A) + A
σ (ϕπ − ρs)

,

Ψπ = AΨy =
A
(
− 1

σ

)
(1− ρs)(1− C A) + A

σ (ϕπ − ρs)
, (E.10)

Ψw = CΨπ = C
A
(
− 1

σ

)
(1− ρs)(1− C A) + A

σ (ϕπ − ρs)
.

which are verified substituting them into the equilibrium equations.

E.3.5 Disagreement on the Shock’s Persistence

The shock is perceived heterogeneously: uSt = ρisu
S
t−1 + εSt , with i = F,M . We

start from the same (simplified) NK system as in the body:

yt = − 1

σ

[
ϕπ EF

t (πt) + uSt − EF
t (πt+1)

]
+ EF

t (yt+1)− EF
t (Wt+1) +Wt,

πt = βEM
t (πt+1) + κ yt

and Wt = 1
σ

∑∞
h=1Dt+h|t = 1

σ

∑∞
h=1

[
EF
t (it+h) − EM

t (it+h)
]
. Set conjectures to
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yt = Ψyu
S
t , πt = Ψπu

S
t ,Wt = Ψwu

S
t and denote rF ≡ ρFs , rM ≡ ρMs . Adjusting the

notation, the reduced-form results in the paper (equation 18) hold:

Ψπ =
κ

1− βrM
Ψy, Ψy =

(σ(1− rF )Ψw − 1)(1− βrM )

(1− βrM )(1− rF )σ + κ(ϕπ − rF )
(E.11)

and I use the Wt definition to retrieve Ψw:

Ψw uMt =
1

σ

∞∑
h=1

[
ϕπ EF

t (πt+h) + EF
t (u

M
t+h)− ϕπ EM

t (πt+h)− EM
t (uMt+h)

]
σΨw ust = ust (ϕπΨπ + 1)

[ ∞∑
n=1

(
r n
F − r n

M

)]
= ust (ϕπΨπ + 1)

rF − rM
(1− rF )(1− rM )

Ψw =
(rF − rM ) (ϕπΨπ + 1)

σ (1− rF ) (1− rM )
(E.12)

Now I use the 3 equations to solve in closed-form for the 3 coefficients. Define

A ≡ κ

1− βrM
, B ≡ rF − rM

σ(1− rF )(1− rM )
.

Algebraic manipulation delivers:

Ψy =
− 1

σ + (1− rF )B
(1− rF )(1− B ϕπA) + A

σ (ϕπ − rF )

Ψπ = AΨy =
A
(
− 1

σ + (1− rF )B
)

(1− rF )(1− B ϕπA) + A
σ (ϕπ − rF )

(E.13)

Ψw = B
(
1 + ϕπΨπ

)
= B

(
1 + ϕπ

A
(
− 1

σ + (1− rF )B
)

(1− rF )(1− B ϕπA) + A
σ (ϕπ − rF )

)

which are verified substituting them into the equilibrium equations.

E.4 Determinacy: Blanchard-Kahn & Taylor Principle

This appendix derives the determinacy restriction for the baseline (log-linear) NK
block used in the main text. In the model environment, market expectations are
formed under EM

t (·). Since the baseline NK block has two jump variables (xt, πt)
and no predetermined state, a unique bounded rational-expectations equilibrium
requires two unstable roots in the Blanchard and Kahn (1980) sense.

Baseline NK block.

xt = EM
t (xt+1)−

1

σ

(
it − EM

t (πt+1)− rnt

)
, (E.14)
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πt = βEM
t (πt+1) + κxt, (E.15)

it = ϕππt + ϕxxt. (E.16)

Assume β ∈ (0, 1), σ > 0, κ > 0, and set rnt ≡ 0.

Matrix representation. Substitute (E.16) into (E.14) and collect terms:(
1 +

ϕx

σ

)
xt +

ϕπ

σ
πt = EM

t (xt+1) +
1

σ
EM
t (πt+1). (E.17)

Let yt ≡
[
xt
πt

]
. Stack (E.17)–(E.15):

Lyt = REM
t (yt+1), L ≡

[
1 + ϕx/σ ϕπ/σ

−κ 1

]
, R ≡

[
1 1/σ
0 β

]
. (E.18)

Since R is invertible,

EM
t (yt+1) = M yt, M ≡ R−1L. (E.19)

M =

[
1 + ϕx/σ + κ/(βσ) (βϕπ − 1)/(βσ)

−κ/β 1/β

]
. (E.20)

BK determinacy. Because yt = (xt, πt)
′ are both jump variables, determinacy

requires both eigenvalues of M to satisfy |λ| > 1. Equivalently, both eigenvalues
µ of M−1 must satisfy |µ| < 1. For a 2× 2 matrix,

µ2 − tr(M−1)µ+ det(M−1) = 0,

and stability of M−1 is equivalent to the three inequalities

det(M)− tr(M) + 1 > 0, det(M) + tr(M) + 1 > 0, det(M) > 1.

Under β ∈ (0, 1), σ, κ > 0, and ϕπ, ϕx ≥ 0, the last two always hold because
tr(M) > 0 and det(M) = κϕπ+ϕx+σ

βσ ≥ 1
β > 1. Thus the knife-edge restriction is

det(M)− tr(M) + 1 > 0.

Generalized Taylor principle. From (E.20),

tr(M) =
(
1 +

ϕx

σ
+

κ

βσ

)
+

1

β
=

βϕx + σ(β + 1) + κ

βσ
, (E.21)

det(M) =
κϕπ + ϕx + σ

βσ
. (E.22)

det(M)− tr(M) + 1 =
κ(ϕπ − 1) + (1− β)ϕx

βσ
, (E.23)
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so determinacy is equivalent to

κ(ϕπ − 1) + (1− β)ϕx > 0 ⇐⇒ ϕπ +
1− β

κ
ϕx > 1. (E.24)

Condition (E.24) is the generalized Taylor principle for the baseline NK block.
Economically, it says that when inflation or the output gap rises, the Taylor rule
increases the nominal rate strongly enough that the expected real rate also rises:
higher ϕπ and/or ϕx make current demand less attractive. The “aggressive” real-
rate response is what places both eigenvalues of M outside the unit circle, so that
BK delivers a unique bounded equilibrium. In this sense, the Taylor principle is
a parametric restriction on policy-rule coefficients that makes the BK condition
hold by pushing the system’s eigenvalues into the right configuration.

E.5 Learning

This extension of the baseline model details the evolution of beliefs about the
rule coefficients and the underlying state as a function of the flow of information
at every period. Below, I cover some of the complications emerging from the
nonlinear nature of the policy rule.

Why one Kalman filter is not enough The FOMC sets the short-term rate
as

it = Φ′
txt + uGt + uSt , uGt ∼ N (0, σ2

uG), u
S
t ∼ N (0, σ2

uS ),

where xt (the fundamentals) and Φt (the policy-rule coefficients) are both unob-
served. Because it is the product of two unknown vectors, the observation equation
is bilinear and the classical linear-Gaussian Kalman filter does not return the exact
Bayesian posterior.

Exact but nonlinear solution: the Extended Kalman filter Linearizing
around the predicted mean each period gives the Extended Kalman filter (EKF),
which is optimal among estimators using first-order (linear) approximations to the
nonlinear observation function, but technically more involved.

Practical approximation: two independent filters Empirical work often
prefers a lighter scheme. Assume

1. Independence: the shocks driving xt and Φt are mutually independent and
independent of uSt ;

2. Slow drift: Φt = Φt−1 + vt, vt ∼ N (0,W ), W small.
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Under (A1)–(A2) the cross-covariances created by the bilinear term are O(W );
neglecting them yields two almost-decoupled recursions. Below, we present scalar
versions for expositional clarity, assuming the information structure from the main
text; the extension to vector xt with conformable matrix Px

t is straightforward.

Step 1: Kalman filter for the fast state xt

Assuming xt = ρ xt−1 + wt with wt ∼ N (0, σ2
w):

x̂t|t−1 = ρ x̂t−1, (E.25)
P x
t|t−1 = ρ2P x

t−1 + σ2
w, (E.26)

Kx
t =

P x
t|t−1

P x
t|t−1 + σ2

εS
, (E.27)

x̂t = x̂t|t−1 +Kx
t

(
yMt − x̂t|t−1

)
, (E.28)

P x
t = (1−Kx

t )P
x
t|t−1. (E.29)

Step 2: Recursive-least-squares (RLS) update for slow coefficients Φt

Let σ2
u = σ2

uS denote the variance of the shock unobserved by agents when updating
beliefs about Φt.

MPSt = it − ûGt − Φ̂
′
t−1x̂t, (E.30)

PΦ
t|t−1 = PΦ

t−1 +W, (E.31)

KΦ
t =

PΦ
t|t−1x̂t

σ2
u + x̂′tP

Φ
t|t−1x̂t

, (E.32)

Φ̂t = Φ̂t−1 +KΦ
t MPSt, (E.33)

PΦ
t = (I−KΦ

t x̂
′
t)P

Φ
t|t−1. (E.34)

If W is chosen small enough (policy parameters drift slowly), the error made by
ignoring the cross-covariance is O(W ). Note that using the filtered estimate x̂t
in place of the true xt introduces an additional errors-in-variables approximation
whose magnitude scales with the posterior variance P x

t .

E.6 Extended Kalman Filter

Throughout this appendix I set n = 1 for clarity of exposition: this can be thought
of as the policy rule being only function of inflation or the output gap. For n > 1,
replace scalar entries in each matrix below by blocks and by transposes in each
vector.
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Timing. At t the Market observes a private signal yMt about xt. At t, the
FOMC simultaneously releases guidance gt and sets the policy rate it. We process
yMt first; at time t we process gt (linear) and then it (nonlinear) to stabilize the
EKF linearization point.

State and Prior. The state is

zt =

xt
ϕt

uGt

 (E.35)

with

xt = ρ xt−1 + ηt,

ϕt = ϕt−1 + ωt,

uGt = ρG uGt−1 + ζt

εt ≡

ηtωt

ζt

 ∼ N (0, Q) (E.36)

Then zt = Azt−1+εt, A = diag(ρ, 1, ρG), εt ∼ N (0, Q), with Q = diag(Qx, Qϕ, QG)
in the baseline; Q ∈ S3+ is the general case61. Given information Ωt−1, the predic-
tion (prior) is ẑt|t−1, Pt|t−1 = Var(zt | Ωt−1).

ẑt|t−1 = A ẑt−1|t−1, (E.37)
Pt|t−1 = APt−1|t−1A

′ +Q (E.38)

=

ρ
2P xx

t−1|t−1 +Qx ρP xϕ
t−1|t−1 ρρG P xu

t−1|t−1

ρP ϕx
t−1|t−1 P ϕϕ

t−1|t−1 +Qϕ ρG P ϕu
t−1|t−1

ρρG P ux
t−1|t−1 ρG P uϕ

t−1|t−1 ρ2GP
uu
t−1|t−1 +QG

 (E.39)

Measurement Equations. All noises are mean–zero, mutually independent,
and independent of the state (conditionally Gaussian with stated variances):

yMt = Hyzt + εyt , Hy =
[
1 0 0

]
, εyt ∼ N (0, Rx),

gt = Hgzt + νt, Hg =
[
0 0 1

]
, νt ∼ N (0, Rg,t),

it = h(zt) + uSt , h(zt) = ϕtxt + uGt , uSt ∼ N (0, Ri).

E.6.1 Update A (t): yMt (Linear, Exact)

Innovation and Prior Variance.

µ̃x ≡ yMt −Hy ẑt|t−1 = yMt − x̂t|t−1, (E.40)

61I impose independent transition shocks; the transition itself is diagonal so it does not intro-
duce cross-covariances by construction.

108



Sy = HyPt|t−1H
′
y +Rx = P xx

t|t−1 +Rx (E.41)

Gain, Posterior Mean and Variance.

Ky = Pt|t−1H
′
yS

−1
y =

1

Sy

P
xx
t|t−1

P ϕx
t|t−1

P ux
t|t−1

 (E.42)

ẑyt|t = ẑt|t−1 +Kyµ̃y, (E.43)

P y
t|t = Pt|t−1 −KySyK

′
y (E.44)

E.6.2 Update B (t): gt (Linear, Exact)

Innovation and Prior Variance.

µ̃g ≡ gt −Hg ẑ
y
t|t = gt − ûG,y

t|t (E.45)

Sg = HgP
y
t|tH

′
g +Rg = P y,uu

t|t +Rg,t (E.46)

Notice that if current guidance supersedes past guidance, µ̃g ≡ gt.

Gain, Posterior Mean and Variance.

Kg = P y
t|tH

′
gS

−1
g =

1

Sg

P
xu
t|t

P ϕu
t|t

P uu
t|t

 (E.47)

ẑ
(y,g)
t|t = ẑyt|t +Kgµ̃g (E.48)

P
(y,g)
t|t = P y

t|t −KgSgK
′
g (E.49)

Because both are linear–Gaussian with independent noises, processing yMt then
gt or vice versa yields the same (ẑ

(y,g)
t|t , P

(y,g)
t|t ). Notice that Update B addresses

the general case where uGt has some persistence ρG, while in the body new signals
completely supersede old announcements.

E.6.3 Update C (t): it (Nonlinear, Extended Kalman Filter)

The rate measurement is nonlinear: it = h(zt) + uSt with h(zt) = ϕtxt + uGt .
Kalman updates require a linear measurement. The EKF replaces h by its (linear)
first–order Taylor expansion around the current “pre-posterior” mean ẑ

(y,g)
t|t ; the

result is an innovation linear in the state deviation zt − ẑ
(y,g)
t|t plus Gaussian noise.
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Linearization. Let (z̄, P̄ ) ≡ (ẑ
(y,g)
t|t , P

(y,g)
t|t ) with z̄ =

[
x̄ ϕ̄ ūG

]′, collecting all
“pre-posteriors” before the interest rate update. Using h(zt) = ϕtxt + uGt , the
Jacobian (row) of h w.r.t. zt is

∂h(zt)

∂z′t
=
[
∂h(zt)
∂xt

∂h(zt)
∂ϕt

∂h(zt)

∂uG
t

]
=
[
ϕt xt 1

]
(E.50)

I linearize at the pre-posterior, z̄ =
[
x̂
(y,g)
t|t , ϕ̂

(y,g)
t|t , û

G,(y,g)
t|t

]′. Then

Hi(z̄) =
∂h(zt)

∂z′t

∣∣∣∣
zt=z̄

=
[
ϕ̄ x̄ 1

]
(E.51)

Applying a first–order Taylor approximation:

h(zt) ≈ h(z̄) +Hi(z̄)(zt − z̄) (E.52)

representing the linear approximation around the pre-posterior. Then, we can
resort to the familiar “innovation plus noise” updating routine.

Innovation (Surprise) and Prior Variance. The innovation represented by
it is, as usual, the difference between the realization and its prior expectation
((E.52)), i.e. the linear approximation of h(z) around the pre-posterior):

µ̃i ≡ it − h(z̄) = Hi(z̄)(zt − z̄) + uSt (E.53)
Si = Hi P̄ H ′

i +Ri. (E.54)

Notice that µ̃i is the monetary policy surprise implied by the state-space, and Si

its variance62.

EKF Gain, Posterior Mean and Variance.

Ki = P̄ H ′
iS

−1
i =

1

Si

P̄
xx ϕ̄+ P̄ xϕ x̄+ P̄ xu

P̄ ϕx ϕ̄+ P̄ ϕϕ x̄+ P̄ ϕu

P̄ ux ϕ̄+ P̄ uϕ x̄+ P̄ uu

 (E.55)

ẑt|t = z̄ +Ki µ̃i, (E.56)
Pt|t = P̄ −KiSiK

′
i (E.57)

62The explicit form of Si is:

Si = ϕ̄2 P̄ xx + x̄2 P̄ϕϕ + P̄uu + 2ϕ̄ x̄ P̄ xϕ + 2ϕ̄ P̄ xu + 2x̄ P̄ϕu +Ri.
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Credibility update. After it is realized, the Market updates the noise variance
according to the Fed’s perceived credibility, as proxied by its (last) forecast error:

FEF
t ≡ it − EF

t (it),

Rg,t = (1− r)Rg,t + r (FEF
t )

2, r ∈ (0, 1),

Rg,t+1 := Rg,t.

E.7 Wedge Dynamics

E.7.1 Belief Updates and Wedge Revisions

The EKF splits a rate surprise µ̃i
t into belief updates ∆xt = Kx

i,tµ̃
i
t and ∆ϕt =

Kϕ
i,tµ̃

i
t using the estimated prior covariance and the local Jacobian Hi,t = [ϕ̄t, x̄t].

Mapping these belief changes into expected rates is mechanical: for it = ϕtxt,

∆Wt ∝ ϕ̄t∆xt + x̄t∆ϕt = ϕ̄tK
x
i,tµ̃

i
t + x̄tK

ϕ
i,tµ̃

i
t.

Hence, two distinct notions emerge:

(i). belief attribution, answering the question “which belief moved more?” and
measured by

κx = Kx
i,t/(K

x
i,t +Kϕ

i,t), κϕ = 1− κx

(ii). wedge attribution, answering the question “which belief update moved ex-
pected rates more?” and measured by:

Cx
t =

ϕ̄tK
x
i,t

ϕ̄tKx
i,t + x̄tK

ϕ
i,t

, Cϕ
t = 1− Cx

t ,

The difference arises solely from the local leverages (ϕ̄t, x̄t), which represent a map
of how each belief update impacts into the wedge dynamics. Two examples follow
to illustrate the conceptual significance of this distinction.

Example A. Let µ̃i
t = 1, (x̄t, ϕ̄t) = (0, 1.5), and gains (Kx

i,t,K
ϕ
i,t) = (0.05, 0.20).

Then
∆xt = 0.05, ∆ϕt = 0.20, κϕ = 0.80,

but
∆Wt ∝ 1.5(0.05) + 0(0.20) = 0.075, Cϕ

t = 0.

The economy is at a neutral point with x̄t ≈ 0, so revisions to the rule have no
leverage on expected rates. Only news about fundamentals shifts the wedge via
ϕ̄t∆xt. Even if beliefs move mostly in ϕ, propagation is entirely via x because
x̄t ≃ 0.
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Example B. Let µ̃i
t = 1, (x̄t, ϕ̄t) = (1, 1.5), and gains (Kx

i,t,K
ϕ
i,t) = (0.05, 0.20).

Then
∆xt = 0.05, ∆ϕt = 0.20, κϕ = 0.80,

and
∆Wt ∝ 1.5(0.05) + 1(0.20) = 0.275, Cϕ

t =
0.20

0.275
≈ 0.73.

The state is nonzero, x̄t = 1, so a change in the rule immediately maps into
expected rates. Both attribution and propagation are therefore ϕ-driven at this
operating point. Now both beliefs and propagation are ϕ–dominated because x̄t
provides leverage to ∆ϕt.

In summary, large Cx
t or Cϕ

t need not reflect which belief moved most; they reflect
how the belief changes translate into expected rates at the prevailing (x̄t, ϕ̄t).

E.8 3-dimensional State-Space: Estimation

E.9 Market Updating Regimes [UNDER RESTRUCTURING]

Figure E1: Market Updating Regime heuristic: shaded green areas correspond to meetings when
market updates in the same direction as the shock (Bayesian); shaded red areas correspond to
meetings when market updates in the opposite direction as the shock (Non-Bayesian); unshaded
areas correspond to updates close to zero.
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Figure E1 provides a heuristic overview of the market updating behavior over the
full length of the sample. The vertical shaded areas correspond to the direction
of the average shift of the available Fed Funds Future prices around each of the
N = 358 monetary policy decisions in the sample. In green, are represented those
FOMC announcements when the market revised its expectations of future policy
in the same direction as the sign of the baseline shock series (MPS_ORT, Amodeo
(2025)); in red, the complement case; in white, the statistically null shifts. No-
tice, for instance, two clusters of episodes: first, December 1993 - December 1996
represents the longest continuous streak of green (“Bayesian”) updates. Accord-
ing to the model this would correspond to an unmitigated, effective conduct of
monetary policy; unsurprisingly, this interval coincides with what Alan Blinder
(Blinder (2023)), former vice chairman of the Federal Reserve, defined the “perfect
soft landing that helped make Alan Greenspan a central banking legend.”
Second, December 2007 - July 2011 comprises the GFC and the high and persis-
tent disagreement that followed it, and it comprises many FOMC meetings where
markets updated in the opposite direction of what suggested by the observed high-
frequency shocks (“Non-Bayesian”); again, as it was argued before in Figure 7, this
period corresponded to a controversial era for monetary efficacy that eventually
led to a prolonged period of constrained policy at the zero lower bound, and is
compatible with a version of the model where the wedge increases in response to
the shock (right panel of Figure 16).

E.10 Euler Wedges [UNDER RESTRUCTURING]

Another way of testing the model’s prediction comes directly from the study of the
Euler Equation. This exercise uses the derived wedge to test whether monetary
surprises raise the wedge on impact, i.e., Corr(st,Wt) > 0. In fact, under the
simplifying assumption that inflation expectations are aligned, it was shown that:

ct = cAgreement
t + Wt

implying

Wt = ct +
1

σ

∞∑
k=0

{
EF
t (it+k)− EF

t (πt+k+1)− rNt+k

}
(E.58)

Note that all variables on the right-hand side are observed or estimated. In fact,
the Tealbooks provide not only interest rates predictions, but a whole range of
expectations, including on inflation, EF

t (π); rNt , on the other hand, is among the
most heavily researched object in macroeconomics, and a number of influential
estimates are routinely used.

Operationally, I measure ct using the Personal Consumption Expenditure index
and extract its monthly cycle via the Hamilton (1994) filter. I use several of
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the natural rate of interest estimates available from the Atlanta Fed website63,
including the widely used Holston et al. (2023) and Lubik and Matthes (2011).

While the unconditional correlation is very close to zero and leaning on the negative
side for most shock series, when conditioning on positive responses of industrial
production to monetary shocks, I find the expected positive correlation. Across all
high-frequency surprise series, the correlation with Wt

∣∣
Ψy>0

increases. The correla-
tion is economically small but consistently positive for benchmark high‐frequency
shocks.

High-frequency surprise series st

Statistic s⊥BS,A sBS sGK sJK sJ

Corr(st,Wt) -0.02 0.02 -0.03 0.03 -0.16
N (107) (107) (79) (107) (107)
Corr

(
st,Wt | Ψy > 0

)
0.14 0.07 0.42 0.08 0.20

N (18) (18) (5) (18) (18)

Table E1: Pearson correlations between surprises st and wedge Wt.

63Available at this link.
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It is well documented that standard consumption Euler equations fit the data
poorly (see Hall (1978), Flavin (1981), and Campbell and Mankiw (1989)). Given
the deliberately parsimonious specification, a sizable gap between ct and cAgreement

t —
hence a large role for Wt—is unsurprising and not our focus. The test is nar-
rower: we examine whether monetary surprises raise the wedge on impact, i.e.,
Corr(st,Wt) > 0, evaluating this both unconditionally and conditional on expan-
sionary output responses, without taking a stand on the overall fit of the Euler
equation.
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F A Closer Look at Ψw

Figure F1: Histogram of interacting variable |Dt| with percentile markers.

Below, several alternative specifications follow:

1, Incremental: Wt+h = ch+βL
h st+βH

h st1{|D̄t|≥d}+θhLagsLt−1+εt+h (F.1)

with LagsLt−1 ≡
[
Wt−1:t−L, st−1:t−L]

′ and θh ≡ [ϕ1:L
h , γ1:Lh ].

Figure F2: IRFs of Wt =
∑8

h=1 Dt+h | min(3 quarters) to a Orthogonalized Monetary Policy
Surprise for low/high disagreement (60th percentile threshold).

2, Binary: Wt+h = ch+βL
h st1{|D̄t|<d}+βH

h st1{|D̄t|≥d}+θhLagsLt−1+εt+h (F.2)
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with LagsLt−1 ≡
[
Wt−1:t−L, st−1:t−L

]′ and θh ≡ [ϕ1:L
h , γ1:Lh ].

Figure F3: IRF of Wt =
∑8

h=1 Dt+h | min(3 quarters) to a Orthogonalized Monetary Policy
Surprise for low/high disagreement (60th percentile threshold).

Figure F4: IRF of Wt =
∑8

h=1 Dt+h | min(8 quarters) to a Orthogonalized Monetary Policy
Surprise for low/high disagreement (60th percentile threshold).

117



More Thresholds

Figure F5: IRF of Wt to a Orthogonalized Monetary Policy Surprise for low/high disagreement
(20th percentile threashold).

Figure F6: IRF of Wt to a Orthogonalized Monetary Policy Surprise for low/high disagreement
(80th percentile threashold).

Unconditional Wedge Response

The unconditional response of the wedge to a monetary policy shock captures
an average response across different disagreement states, and can be studied by
estimating the following linear projections:

Wt+h = ch + γh st + θhLagsLt−1 + εt+h (F.3)

with LagsLt−1 ≡
[
Wt−1:t−L, st−1:t−L

]′ and θh ≡ [ϕ1:L
h , γ1:Lh ].

118



Figure F7: Wt =
∑8

h=1 Dt+h | min(3 quarters) to a Orthogonalized Monetary Policy Surprise.

Figure F8: Wt =
∑8

h=1 Dt+h | min(8 quarters) to a Orthogonalized Monetary Policy Surprise.
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G Testing EM
t (it+h)’s FOMC-elasticity

I assess whether FOMC announcements induce a systematic revision of the mar-
ket’s expected rate path within 24 hours. Let ∆24h EM

t (it+h) ≡ EM
t (it+h) −

EM
t (it+h). First, I test H0 : E[∆24hE

M
t ] = 0 with Hotelling’s T 2 on the (H + 1)-

dimensional revision vector; all p > 0.05, hence I fail to reject no joint mean shift.
Second, I can estimate directly a Bayesian-updating restriction,

EM
t (it+h) = EM

t (it+h) + λFOMC
t

(
it − EM

t (it)
)
,

by regressing the stacked revisions on the monetary policy surprise MPSt:

∆24h EM
t = β0 + λFOMCMPSt + εt.

Analogously, the update weight is statistically indistinguishable from zero. Taken
together, the tests imply an unconditional slope near zero: within 24 hours the
average market revision is not systematically related to the surprise component.

Table G1: Hotelling’s T 2 test for a joint mean shift in 24-hour revisions

H N T 2 p

8 90 7.98 0.5051
7 109 9.76 0.2499
6 120 3.05 0.8170
5 121 2.26 0.8220
4 133 2.45 0.6641
3 179 4.54 0.2175

Notes: ∆24hE
M
t stacks revisions for horizons h = 0, . . . , H. N is the

number of meetings with complete data. Null: H0 : E[∆24hE
M
t ] = 0.

Table G2: Bayesian update test of 24-hour market revisions to FOMC surprises

λFOMC p

MPSt -0.0067 0.716
Intercept β0 -0.0043 0.170

Notes: Estimates from ∆24h EM
t = β0 + λFOMCMPSt + εt, stacking h =

0, . . . , H. p-values use robust standard errors.

Aside This null average is consistent with the learning model. In the EKF,
each surprise is mapped into a meeting-specific update weight that depends on the
linearization point and the prior covariances. As a result, positive and negative
revision episodes offset in the unconditional sample, yielding a slope near zero.
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