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Abstract

Local projections are widely used for impulse response analysis, but in panel settings they face a
familiar trade-off: imposing homogeneous responses across units can be too restrictive, while
estimating each unit separately can be too noisy, especially at longer horizons. This paper
proposes a Bayesian Panel Local Projections (BPLP) framework that combines horizon-by-horizon
local projection estimation with hierarchical partial pooling and structured regularization across
units and horizons. Estimation is based on a Gaussian working likelihood, while uncertainty is
quantified separately using misspecification-robust long-run variance methods. The framework is
designed to stabilize heterogeneous unit-level impulse responses, preserve comparability across
units, and provide transparent panel and subgroup benchmarks. We apply the framework to
monetary policy transmission in eight euro area economies using high-frequency identified ECB
shocks. The estimates suggest a negative inflation response to contractionary monetary policy,
alongside notable heterogeneity in the timing and magnitude of adjustment across countries. In
particular, the Periphery is estimated to exhibit earlier and stronger inflation responses than
the Core, while some countries show persistent deviations from the cross-country benchmark.
The proposed framework provides a practical and interpretable tool for applied impulse response
analysis in heterogeneous panels.
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1 Introduction

Empirically, dynamic responses to shocks are often studied using vector autoregressions (VARs).
VARs are efficient and provide a compact summary of aggregate dynamics, but they impose tightly
parameterized structure and rely on the adequacy of a finite-order approximation to recover impulse
responses. Furthermore, when a VAR is misspecified, its associated impulse responses can be biased,
raising concerns about reliability in empirical applications.1 Local projections (LPs), introduced
by Jordà (2005), provide a flexible alternative by estimating each horizon separately. LPs are
straightforward to implement and interpret, are often more robust to misspecified lag dynamics, and
naturally extend to nonlinear environments (Montiel Olea & Plagborg-Møller, 2021; Plagborg-Møller
& Wolf, 2021). This flexibility, however, comes with higher variance relative to VARs, so the choice
between VARs and LPs reflects a bias–variance trade-off (Ferreira et al., 2025). The trade-off
becomes especially sharp in panel settings, where the time dimension is often short while the
parameter space expands quickly. Estimating LPs separately for each cross-sectional unit can
therefore yield unstable impulse responses and imprecise inference, particularly at longer horizons,
creating a natural role for regularization.

Several recent contributions introduce Bayesian local projection approaches that stabilize esti-
mation through shrinkage and smoothing across horizons. Yet most of the existing Bayesian LP
literature is focused on univariate settings and does not develop a general framework for sharing
information across units in a panel without resorting to full pooling. What remains largely missing,
to our knowledge, is a framework that combines Bayesian regularization across horizons with a
principled mechanism for partial pooling across units in panel local projections. This paper develops
such a framework: Bayesian Panel Local Projections (BPLP) integrate horizon-by-horizon local
projections with hierarchical partial pooling across cross-sectional units, allowing unit-specific
impulse responses to differ while letting the data determine the degree of commonality. The resulting
structure is designed to deliver more stable impulse response estimates and a coherent separation
between regularized estimation and robust inference, while preserving comparability across units.

Frequentist panel LP approaches with unit-specific effects typically treat units as unrelated, forcing
a choice between precision (full pooling) and heterogeneity (fully separate estimation). Yet in many
applications units are neither identical nor independent, making neither extreme particularly ap-
pealing. A hierarchical (multilevel) specification offers a natural intermediate position: unit-specific
impulse responses are allowed to differ, but they are modeled as draws from a common distribution
centred on a cross-sectional benchmark. The degree of similarity is inferred from the data, delivering
more stable estimates while preserving economically meaningful heterogeneity.

1A related motivation is that macroeconomic time series may not be well approximated by low-order VARs, because
early evidence suggests that many variables are more naturally represented by vector autoregressive moving-average
processes (Wallis, 1977; Zellner & Palm, 1974).
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The contributions of the paper are threefold. First, it develops the BPLP methodology, a general
framework that combines local projections, Bayesian regularization, and hierarchical partial pooling
for panels subject to common shocks. Second, it illustrates the framework by quantifying hetero-
geneity in monetary policy transmission within the European Monetary Union (EMU), showing
how a common policy stance can generate a shared directional response alongside heterogeneous
adjustment dynamics. In this sense, the primary contribution of the paper is methodological, while
the euro-area application is intended both to illustrate the framework and to show that it yields
economically interpretable results in a setting where cross-country heterogeneity is central. Third,
it provides a transparent and replicable structure that can be adapted to other contexts involving
state dependence, subgroup analysis, or cross-sectional interactions.

To demonstrate the usefulness of the framework in a setting where heterogeneity is central, we
apply BPLP to monetary policy shocks in a subgroup of euro area member countries. The euro
area provides a natural laboratory: countries share a common monetary policy stance, yet differ
in economic structure and financial conditions, so the transmission of a common shock need not
be uniform. Recent episodes of heightened macroeconomic uncertainty underscore the value of
estimating impulse responses in a way that is both flexible across horizons and disciplined by
cross-sectional information sharing.2

The remainder of the paper is organized as follows. Section 2 reviews the related literature
on heterogeneous transmission and local projections. Section 3 introduces the BPLP framework
and prior specification. Section 4 presents the empirical results, and Section 5 concludes.

2One prominent example is the Covid-19 pandemic and its aftermath, which amplified cross-country differences in
inflation dynamics and real activity while monetary policy conditions were shared within the EMU.
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2 Related Literature

This paper contributes to the empirical literature on heterogeneous dynamic responses to common
shocks in panel settings and to the growing methodological literature that uses local projections
with shrinkage and Bayesian structure. A long tradition studies monetary policy transmission in
Europe with the objective of assessing whether a single monetary authority can operate effectively
across economically diverse member states. Early contributions, using pre-EMU national data and
VAR frameworks, document noticeable cross-country differences in responses to monetary policy
shocks (Mojon & Peersman, 2001; Peersman, 2004; Peersman & Smets, 2001). Subsequent work
connects these differences to structural developments and evolving propagation mechanisms. For
example, Ciccarelli and Rebucci (2006) show that output sensitivity to monetary policy changed
considerably in the run-up to the EMU, while Georgiadis (2015) illustrates how sectoral composition
and labor market rigidities can generate asymmetric propagation.

More recent research moves from documenting heterogeneity toward identifying concrete channels
through which it arises. Holm-Hadulla and Thürwächter (2021) highlight how differences in firm
balance sheets translate into heterogeneous responses, Almgren et al. (2022) emphasize the role of
household liquidity, and Pica (2021) discuss collateral and credit mechanisms in housing markets.
Datsenko and Fleck (2024) show that economies with a larger manufacturing sector experience more
pronounced contractions following a monetary tightening. Broader perspectives on fragmentation
and institutional frictions include Lane (2012) on the sovereign debt crisis and Wächter et al. (2024)
on Taylor-gap differentials. Taken together, this literature motivates empirical frameworks that can
quantify heterogeneity in a disciplined way, especially when shocks are common but propagation
differs across units.

The econometric relevance of such heterogeneity has motivated work that allows unit-specific
dynamics while borrowing strength across the cross-section. Panel VAR approaches combine shared
dynamics with unit-level behavior and use cross-sectional information to improve precision while
permitting heterogeneity (Canova & Ciccarelli, 2013). Empirical applications confirm that het-
erogeneity is quantitatively important: Mandler et al. (2022), employing a multicountry BVAR,
finds substantial variation in the magnitude and persistence of monetary policy effects across EMU
member states. Related evidence is provided by Afonso et al. (2025), who links differences in fiscal
regimes to heterogeneous transmission, and by Cima and Moreno (2025), who emphasize how wealth
distribution shapes asymmetric macroeconomic outcomes.

At the same time, VAR-based approaches impose a tightly parameterized dynamic structure,
which can be restrictive in short samples and vulnerable to misspecification when underlying
dynamics are more complex than a finite-order VAR can capture. This has sustained interest in
local projections (LPs), introduced by Jordà (2005), which estimate dynamic responses horizon
by horizon. LPs are straightforward to implement and interpret and are comparatively robust to
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misspecified lag dynamics. Methodological contributions include Jordà (2009) on simultaneous
inference and Plagborg-Møller and Wolf (2021), who clarify conditions under which LPs and VARs
recover the same structural impulse responses. Recent work such as Li et al. (2024) and Olea et al.
(2025) emphasizes the bias–variance trade-off inherent in LP estimation and motivates shrinkage
as a way to stabilize horizon-specific estimates, especially when the time dimension is short and
long-horizon responses are noisy.

These considerations have led to a rapidly growing literature that introduces Bayesian structure
into LP estimation. Ferreira et al. (2025) regularize coefficients across horizons using informative
priors, improving finite-sample behavior and producing smoother impulse response profiles. Tanaka
(2025) propose a quasi-Bayesian estimator based on a Laplace-type quasi-likelihood that yields well-
calibrated inference and accommodates LP-IV settings. Brugnolini et al. (2023) develop Bayesian
Flexible Local Projections capable of capturing nonlinear and time-varying impulse responses. How-
ever, most Bayesian LP methods remain univariate in scope and therefore do not provide a principled,
data-driven mechanism to share information across units in a panel while preserving heterogeneity.
This limitation is particularly salient in applications with genuinely common shocks, where separate
estimation wastes information while full pooling can mechanically suppress heterogeneity.

A closely related methodological issue concerns inference under the error structure induced by
LP construction. With overlapping horizons, LP forecast errors are typically serially correlated
and heteroskedastic, and panel aggregates can inherit cross-sectional dependence. In such settings,
interpreting a Gaussian likelihood as an exact data-generating model is often not compelling.
A growing literature therefore views Gaussian specifications as convenient working approxima-
tions used to obtain stable regularized estimates, while uncertainty statements are calibrated in a
misspecification-robust way. This perspective builds on classical results on quasi-maximum likelihood
under misspecification (Huber, 1967; White, 1982) and on the misspecification-robust “artificial
posterior” approach of Müller (2013). In practice, it corresponds to anchoring inference in HAC long-
run variance estimators (Newey & McFadden, n.d.) and, for panel aggregates, in DK-type long-run
variance estimators intended to remain robust to broad forms of cross-sectional dependence under
fixed-N , large-T asymptotics (Driscoll & Kraay, 1998). The key implication is that regularization
and inference can be separated: Bayesian structure can stabilize high-dimensional, high-variance
estimates, while uncertainty can be reported in a way that is coherent with the dependence structure
induced by LP estimation.

Overall, the existing literature delivers three relevant insights. First, heterogeneity in mone-
tary policy transmission within the EMU is empirically important and can be traced to structural
differences and identifiable channels. Second, LPs provide a flexible and transparent way to trace
dynamic effects, but their horizon-by-horizon estimates can be noisy in short samples and benefit
from stabilization. Third, Bayesian shrinkage and smoothing can improve the empirical performance
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of LPs, yet existing approaches largely do not exploit cross-sectional information in a way that
adapts endogenously to the degree of commonality across units. What remains largely missing, to our
knowledge, is a framework that combines the flexibility of LPs with Bayesian regularization across
horizons and a principled mechanism for partial pooling across units, paired with misspecification-
robust inference appropriate for overlapping-horizon dependence and cross-sectional aggregation.
The Bayesian Panel Local Projections framework developed in this paper is designed to address this
gap.
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3 Bayesian Panel Local Projections Framework

This section introduces the Bayesian Panel Local Projections (BPLP) framework. The objective
is to estimate impulse responses in macroeconomic panels while (i) preserving the transparency
of local projections, (ii) stabilizing estimation in short samples and at longer horizons through
regularization, and (iii) allowing for cross-sectional heterogeneity without imposing either full
pooling or fully separate estimation. A central feature of the framework is the separation between
estimation and inference: coefficient updates are obtained under a Gaussian working likelihood that
is convenient for regularization and computation, whereas uncertainty is quantified using pointwise
misspecification-robust methods. Accordingly, estimation is based on a regularized quasi-posterior,
while reported uncertainty is calibrated separately using robust long-run variance methods.

3.1 Panel Local Projections: Model Setup

The BPLP framework builds on the Local Projections approach of Jordà (2005). For a single unit,
let yt ∈ Rn denote an n× 1 vector of outcomes and let zt denote an identified scalar shock. Then,
the horizon-h local projection is

yt+h = ch + αhzt +

L∑
`=1

Φh,` yt−` + ut+h, (1)

where ch is an intercept, αh ∈ Rn collects the horizon-h impulse responses to the shock, Φh,`
L
`=1 are

lag coefficients, and ut+h is the h-step ahead forecast error. Since yt = (yt,1, . . . , yt,n)
′ stacks the n

outcome variables, each horizon-h projection can be viewed as a system of n equations estimated
separately horizon by horizon.

We now extend this setup to a panel with N units observed over T periods. Throughout, units are
indexed by i = 1, . . . , N , time by t = 1, . . . , T , horizons by h = 0, . . . , H, and lags by ` = 1, . . . , L.
The horizon index has its usual interpretation: h = 0 is the impact response, and h > 0 is the
response h periods after the shock. For unit i, let yi,t ∈ Rn denote the outcome vector and let zt
denote the realization of the identified shock. The horizon-h local projection for unit i is

yi,t+h = ci,h + αi,hzt +
L∑

`=1

Φi,h,` yi,t−` + ui,t+h, t = 1, . . . , Th, (2)

where, Th = T −L− h is the effective sample size after constructing lags and aligning the horizon-h
dependent variable. The vector αi,h ∈ Rn contains the unit-specific impulse responses at horizon h,
while Φi,h,`

L
`=1 allows for heterogeneous dynamic adjustment across units. Deterministic terms such

as time trends can be added without changing the basic structure of the model.

For compact notation, let Xi,h denote the Th × k regressor matrix collecting an intercept, the
shock, and L lags of yi,t, where k is the total number of regressors. Furthermore, let Yi,h be the
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Th × n matrix stacking the horizon-h outcomes, and collect coefficients in the k × n matrix

Bi,h =



ci,h

αi,h

Φi,h,1

...
Φi,h,L


, Bi,h ∈ Rk×n. (3)

Stacking over time gives the horizon-h system

Yi,h = Xi,hBi,h + Ui,h, (4)

where Ui,h is the Th × n matrix of forecast errors.

Equation (4) highlights the two familiar polar cases. Estimating each unit separately corresponds
to no pooling, whereas imposing common coefficients across units corresponds to full pooling. In
macroeconomic panels, neither extreme is typically attractive. Units often share broad structural
features, but may still differ meaningfully in the transmission of shocks. The BPLP framework
targets the intermediate case by using a hierarchical structure that lets the data determine the
degree of cross-unit similarity, thereby allowing for heterogeneous unit-level impulse responses while
delivering a coherent panel response.

3.2 Gaussian Likelihood and Misspecification

Local projections generate horizon-h forecast errors whose dependence structure is induced by the
way outcomes are constructed across horizons. With overlapping horizons, these forecast errors
are typically serially correlated and may also be heteroskedastic. In multivariate settings, they
may additionally be contemporaneously correlated across outcomes. A fully parametric model for
this dependence structure is rarely compelling in applied work and would substantially increase
complexity.

The BPLP framework therefore uses a Gaussian working likelihood to obtain stable and regu-
larized updates for the horizon-specific coefficient matrices. The resulting object is interpreted
as a quasi-posterior, because under misspecification, likelihood-based updates concentrate around
pseudo-true parameter values, while first-order sampling uncertainty is characterized by a sandwich
form (Huber, 1967; White, 1982).

Crucially, reported uncertainty is not taken from the dispersion implied by this working likeli-
hood. Instead, inference follows the misspecification-robust “artificial posterior” logic of Müller
(2013). Intuitively, the Gaussian likelihood is used as a convenient device for obtaining regularized
coefficient updates, while posterior dispersion is replaced by a robust long-run variance calibration
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that is better aligned with the sampling uncertainty of the object of interest. Concretely, dispersion
is calibrated using heteroskedasticity- and autocorrelation-consistent long-run variance estimators
that capture the serial dependence induced by overlapping horizons. For aggregate objects, such as
subgroup impulse responses or panel benchmark responses, uncertainty is calibrated using robust
HAC/DK-type long-run variance estimators.3

Conditional on the regressors, the horizon-specific coefficient matrix Bi,h is updated using the
matrix-normal working likelihood

Yi,h | Bi,h ∼ MN Th×n

(
Xi,hBi,h, ITh

, Σi,h

)
. (5)

The matrix Σi,h ∈ Rn×n is not interpreted as the true covariance matrix of the LP forecast errors.
Instead, it is a fixed working covariance matrix that scales the Gaussian update across outcomes
within a given horizon-h regression.4 To construct Σi,h, define plug-in horizon-h regression residuals

Ûi,h = Yi,h −Xi,hB̂i,h, (6)

where B̂i,h is obtained from the initialization step. The matrix Σi,h is then formed as a plug-in
residual covariance estimate based on Ûi,h and, in line with the quasi-likelihood specification, is
held fixed when drawing Bi,h, though it may vary across units and horizons. Equivalently, (5) can
be written in vectorized form,

vec(Yi,h) | Bi,h ∼ NThn

(
vec
(
Xi,hBi,h

)
, ITh

⊗ Σi,h

)
. (7)

This representation is useful because it shows directly how the Gaussian working update combines
conveniently with Bayesian regularization, while robust uncertainty quantification is handled
separately.

3.3 Gaussian Prior Structure

The prior for the horizon-specific coefficient matrices {Bi,h} introduces two complementary forms
of regularization. First, a Minnesota-type component shrinks lag coefficients toward economically
plausible values and thereby stabilizes the dynamic part of the local projection, especially when

3Appendix A.10, when included, provides an application-specific fixed-N , fixed-H, large-Th justification for this
pointwise robust long-run variance calibration. Throughout, the reported intervals should be interpreted as pointwise
misspecification-robust frequentist intervals around a regularized center, rather than as exact Bayesian credible sets or
simultaneous bands over the full horizon path.

4More precisely, Σi,h determines the quadratic form used in the Gaussian working likelihood and hence the metric
in which deviations of Yi,h from Xi,hBi,h are measured. If Σi,h is diagonal, each outcome equation is scaled by its
own residual variance. If Σi,h is unrestricted, the same logic extends to a Mahalanobis-type metric that also accounts
for contemporaneous covariance across outcomes. Thus, Σi,h improves the geometry of the quasi-posterior update
by providing scale normalization and, when allowed, covariance adjustment across equations. It is not intended to
capture the serial dependence induced by overlapping horizons; that dependence is handled separately through the
misspecification-robust long-run variance calibration used for inference.
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effective sample sizes become small at longer horizons. Second, a hierarchical component introduces
partial pooling across units for the coefficients on the identified shock, allowing unit-level impulse
responses to remain heterogeneous while linking them through a common cross-sectional structure.
Both components are Gaussian and therefore combine naturally with the Gaussian working likelihood,
yielding conditionally Gaussian updates for Bi,h. Furthermore, regularization is targeted: the
Minnesota-type prior acts on lag dynamics, whereas the hierarchical prior acts on the shock response
coefficients. This separation stabilizes propagation dynamics without mechanically shrinking the
impulse responses through the Minnesota-type component.

3.3.1 Minnesota-type Prior for Lag Dynamics.

The first regularization component is a Minnesota-type prior. Its role is to stabilize the dynamic
part of the local projection, especially at longer horizons where effective sample sizes are smaller
and unrestricted lag dynamics can become noisy. As usual, the prior mean reflects the distinction
between persistent variables in levels and stationary or detrended variables: the first own lag is
centered at unity for variables in levels and at zero for stationary variables, while all remaining
coefficients are centered at zero,

b
(`=1)
0,h =

In, for variables expressed in levels,

0n, for stationary or detrended variables.
(8)

This shrinkage mechanism is targeted to the coefficients of lagged outcomes, which are shrunk
toward the prior means set in Equation 8 using a horizon-specific tightness parameter λh together
with the usual lag-decay structure. By contrast, deterministic components are given diffuse prior
dispersion, and the coefficients on the identified shock are excluded from Minnesota-type shrinkage.
Their regularization comes instead through the cross-unit pooling structure introduced below. This
separation stabilizes lag dynamics without mechanically attenuating impulse responses.

Conditional on λh > 0, the Minnesota component can be written as a Gaussian prior centered at b0,h,
with coefficient-specific shrinkage governed by the diagonal precision matrix Ωi,h(λh). Specifically,

Bi,h | λh,Σi,h ∼ MN k×n

(
b0,h, Ωi,h(λh)

−1, Σi,h

)
, (9)

Here, Ωi,h(λh) ∈ Rk×k determines how strongly individual coefficients are shrunk, while Σi,h ∈ Rn×n

is the same working covariance matrix introduced in the Gaussian working likelihood. Its role
here is again one of scaling across outcomes, so that the amount of shrinkage is comparable across
variables measured in different units or exhibiting different residual variability. This is distinct
from the Minnesota-specific scale normalization: Σi,h rescales the prior across outcome equations,
whereas si,h,j governs how strongly individual lag coefficients are shrunk within a given equation.
Let si,h,j > 0 denote a unit-, horizon-, and variable-specific scale-normalization term, which is
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treated as fixed.5 In the full specification, this Minnesota block is combined with the hierarchical
pooling prior, so the complete prior for Bi,h reflects both within-unit shrinkage of lag dynamics and
cross-unit pooling of shock responses.

Var
(
B

(`)
i,h,j

)
∝

λ2
h

` 2 s 2
i,h,j

, ` = 1, . . . , L, j = 1, . . . , n, (10)

or, equivalently, the corresponding prior precision satisfies

κh,`,j ∝
` 2 s 2

i,h,j

λ2
h

. (11)

This structure imposes stronger shrinkage for higher-order lags, uses si,h,j to normalize Minnesota
shrinkage across variables and horizons, and lets λh determine the overall strength of lag shrinkage
at horizon h.

Horizon-Specific Shrinkage.
The strength of Minnesota-type shrinkage is allowed to vary with the horizon. This is useful because
longer-horizon local projections are typically estimated less precisely, because forecast errors become
noisier and the effective sample size declines with h. Allowing λh to vary across horizons therefore
makes it possible to apply stronger shrinkage where the signal is weaker, while keeping shrinkage
comparatively mild at short horizons. Each λh is treated as unknown and is assigned a Gamma
prior,

λh ∼ Γ(kλ, θλ) h = 0, . . . , H, (12)

with shape kλ > 0 and scale θλ > 0. To impose positivity conveniently, we work with the log-
tightness parameter zh = log λh. The sequence {zh}Hh=0 is then regularized through a Gaussian
random walk prior,

zh − zh−1 ∼ N (0, σ2
z), h = 1, . . . , H, (13)

together with a weakly informative prior for the initial level, z0 ∼ N (mz, Vz). The innovation
variance σ2

z governs how smoothly shrinkage strength is allowed to evolve across horizons and is
assigned an inverse-Gamma hyperprior,

σ2
z ∼ Inv-Gamma(az, bz). (14)

This specification regularizes the path of shrinkage parameters {λh}Hh=0 rather than the impulse
responses themselves. As a result, the data determine both the overall amount of lag shrinkage
and how smoothly that shrinkage changes across horizons, without imposing a fixed functional
form. Without the random-walk prior in (13), the shrinkage parameters λh would be treated

5Details are provided in Appendix A.2.3.
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independently across horizons under the Gamma prior in (12). The random-walk specification links
adjacent horizons and thereby smooths the evolution of shrinkage strength, while preserving the
interpretation of λh as the horizon-specific tightness parameter governing lag shrinkage.

3.3.2 Cross-Unit Pooling Prior.

In addition to the Minnesota-type shrinkage on lag dynamics, the BPLP framework links units
through a cross-unit pooling prior on the shock response coefficients. This is the key device that
allows unit-level impulse responses to remain heterogeneous while still being connected through a
common cross-sectional structure. The prior is applied only to the coefficients on the identified shock,
because these are the impulse responses of interest. By contrast, the remaining local projection
coefficients remain unit-specific, so dynamic propagation can differ flexibly across units.

For each horizon h, the unit-specific shock response coefficients satisfy

αi,h | µh, τ
2
i ,Σi,h ∼ Nn

(
µh, τ

2
i Σi,h

)
, i = 1, . . . , N, h = 0, . . . , H, (15)

where µh ∈ Rn denotes the horizon-specific latent benchmark response. It is an unobserved bench-
mark estimated within the hierarchical model and serves as the reference point for cross-unit
pooling.67

The matrix Σi,h is again the same working covariance matrix introduced in the Gaussian working
likelihood. In the pooling prior, it determines how deviations from the latent benchmark are scaled
across outcomes. If Σi,h is diagonal, pooling is applied outcome by outcome. If it is unrestricted,
pooling additionally reflects contemporaneous comovement across outcomes. In either case, Σi,h

serves only as a scaling device, so that the degree of pooling is not mechanically driven by mea-
surement units or by outcomes with larger residual variability. The heterogeneity parameters are
assigned inverse-Gamma hyperpriors,

τ2i ∼ Inv-Gamma(aτ , bτ ), i = 1, . . . , N. (16)

Conditional on {αi,h}Ni=1 and {τ2i }Ni=1, the cross-unit pooling prior implies a Gaussian updating
equation for the latent benchmark at horizon h. Define

Λh =
N∑
i=1

τ−2
i Σ−1

i,h , Rh = Λ−1
h , y?h = Rh

(
N∑
i=1

τ−2
i Σ−1

i,hαi,h

)
. (17)

6Here, latent means unobserved and estimated within the hierarchical model. It does not refer to a latent factor in
the sense of factor models or principal components. When horizon smoothing is imposed, the sequence {µh}Hh=0 is
additionally treated as a latent state path across horizons.

7This latent benchmark should be distinguished from the reported panel benchmark discussed in subsection 3.4,
which is constructed separately as a post hoc aggregation of regularized unit-level responses.
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Then the pooling block can be written as

y?h | µh ∼ Nn(µh, Rh). (18)

This shows that the latent benchmark is informed by a precision-weighted combination of the
unit-level responses, where units with smaller τ2i receive more weight. In the scalar case, or when
the Σi,h are proportional across units, these weights reduce to being proportional to τ−2

i .

If no smoothing is imposed on the sequence {µh}Hh=0, the conditional mean is determined horizon
by horizon and simplifies to

µh = y?h =

(
N∑
i=1

τ−2
i Σ−1

i,h

)−1( N∑
i=1

τ−2
i Σ−1

i,hαi,h

)
. (19)

If horizon smoothing is imposed, however, the latent benchmark path {µh}Hh=0 is updated jointly
across horizons by the state-space smoother introduced below, with (17) providing the horizon-specific
Gaussian measurement equation. Without smoothing, the update reduces to horizon-by-horizon
Gaussian conditioning based on (17)8

Horizon Smoothness.
Impulse responses are often expected to vary smoothly with the horizon, reflecting gradual adjustment
rather than erratic horizon-by-horizon movements. The BPLP framework allows such smoothness
at two distinct levels. First, the latent benchmark path {µh}Hh=0 can be smoothed across horizons.
Second, unit-specific shock-response paths {αi,h}Hh=0 can, optionally, also be smoothed directly. These
two layers serve different purposes: benchmark smoothing regularizes the common cross-sectional
component, whereas unit-level smoothing regularizes the time profile of individual responses.

Latent Benchmark Path.
When smoothing is imposed, the latent benchmark path {µh}Hh=0 follows a first-order Gaussian
random walk,

µh | µh−1, σ
2
µ,Σµ ∼ Nn

(
µh−1, σ

2
µΣµ

)
, h = 1, . . . , H, (20)

with a diffuse prior for µ0. This prior penalizes abrupt changes in the latent benchmark across
adjacent horizons, while still allowing the overall response profile to be learned from the data.
The matrix Σµ scales horizon-to-horizon innovations across outcomes. With Σµ being diagonal,
smoothness is imposed outcome by outcome, whereas a full Σµ also allows innovations to co-move
across outcomes. The overall degree of smoothness is governed by

σ2
µ ∼ Inv-Gamma(aµ, bµ). (21)

8Forward-filtering backward-sampling is only needed in the smoothed case.
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Unit-level Shock Response Paths.
In addition to smoothing the latent benchmark path, the BPLP framework can also smooth unit-
specific shock responses directly. When smoothing for the unit-level shock response paths is used,
each path {αi,h}Hh=0 follows

αi,h | αi,h−1, ξ
2,Σα ∼ Nn

(
αi,h−1, ξ

2Σα

)
, i = 1, . . . , N, h = 1, . . . , H, (22)

where Σα plays the same scaling role as before. When Σα is diagonal smoothing is applied outcome
by outcome, while an unrestricted Σα allows for co-movement across outcomes. The corresponding
smoothness parameter is assigned

ξ2 ∼ Inv-Gamma(aξ, bξ). (23)

Smaller values of ξ2 imply smoother unit-level paths, whereas larger values allow more local variation
across horizons. When this option is not used, unit-level shock responses remain unrestricted across
horizons apart from the cross-unit pooling prior.

3.3.3 Joint prior structure.

The prior for the coefficient matrices {Bi,h} combines the two regularization components introduced
above: Minnesota-type shrinkage for lag dynamics and a cross-unit pooling prior for the coefficients
on the identified shock. Because these components act on different parts of the coefficient vector, they
combine additively in precision form. This yields a joint Gaussian prior that separates within-unit
stabilization of lag dynamics from cross-unit pooling of impulse responses.

Let Ωi,h(λh) denote the Minnesota-type precision matrix at horizon h. It is diagonal, imple-
ments lag decay and scale normalization, and is governed overall by the horizon-specific tightness
parameter λh. By construction, this block shrinks lag coefficients, while deterministic terms are
treated diffusely and the coefficients on the identified shock are excluded from Minnesota-type
shrinkage. Let Ti(τ

2
i ) denote the precision contribution from the cross-unit pooling prior for unit i.

It acts only on the pooled coefficients, contributing precision proportional to τ−2
i around the latent

benchmark response µh.

The resulting joint prior is

Bi,h | µh, τ
2
i , λh,Σi,h ∼ MN k×n

(
mi,h, P

−1
i,h , Σi,h

)
, (24)

with joint precision

Pi,h = Ωi,h(λh) + Ti(τ
2
i ), (25)
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and corresponding prior mean

mi,h = P−1
i,h

(
Ωi,h(λh)b0,h + Ti(τ

2
i )µh

)
. (26)

This representation makes the roles of the hyperparameters transparent: λh governs the strength
of shrinkage on lag dynamics, while τ2i governs the strength of cross-unit pooling for the shock
responses.

Quasi-Posterior and Posterior Simulation.
Combining the Gaussian working likelihood with the joint Gaussian prior yields a conditionally
Gaussian quasi-posterior for Bi,h and the hierarchical parameters. Conditional on (µh, τ

2
i , λh) and

the fixed working covariance matrix Σi,h, the coefficient matrix Bi,h is updated from a matrix-normal
full conditional with precision matrix

X ′
i,hXi,h +Ωi,h(λh) + Ti(τ

2
i ). (27)

The remaining quantities are then updated from their corresponding conditional distributions.
The pooling parameters τ2i are updated from the cross-sectional dispersion of unit-level shock
responses around the latent benchmark, the horizon-specific shrinkage parameters λh are updated
through the log-tightness representation under the random-walk prior in (13), and, when benchmark
smoothing is imposed, the latent benchmark path {µh}Hh=0 is updated jointly across horizons using
forward-filtering backward-sampling under equations (20)–(21). When unit-level horizon smoothness
is imposed, the paths {αi,h}Hh=0 are updated analogously under equations (22)–(23).9

Summary.
Taken together, the algorithm produces MCMC draws for the unit-level impulse responses and
hierarchical parameters,

{α(d)
i,h , τ

2,(d)
i , λ

(d)
h , µ

(d)
h , σ2,(d)

µ }, (28)

and, when unit-level horizon smoothness is imposed, also {ξ2,(d)}. These draws deliver the regularized
quasi-posterior center and the associated hierarchical latent states. Reported uncertainty for the
resulting impulse responses is then calibrated separately using the robust procedures described next.

3.4 Impulse Responses and Robust Inference.

This subsection defines the impulse responses. Throughout, point estimates are taken from the
regularized center implied by the Gaussian working likelihood together with the Minnesota-type and
cross-unit pooling priors. Uncertainty, however, is reported using pointwise misspecification-robust
artificial-posterior methods, so that interval estimation is not tied to the misspecified Gaussian error

9Detailed derivations of these conditional updates are given in the technical appendix A.
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structure.10 Accordingly, the reported intervals should be interpreted as pointwise misspecification-
robust frequentist intervals around a regularized center, rather than as exact Bayesian credible
sets.

(1) Unit-level Impulse Response.
For unit i, horizon h, and outcome variable j, the impulse response is the coefficient on the identified
shock in the corresponding horizon-h local projection. Let α

(d)
i,h,j denote the d-th retained draw

of this coefficient, obtained from the corresponding draw of Bi,h. The reported unit-level point
estimate is the regularized quasi-posterior center

α̂i,h,j = E[αi,h,j | ·] . (29)

The draws {α(d)
i,h,j} are useful for summarizing the quasi-posterior fit and for constructing the reported

regularized center, but the reported uncertainty bands are not taken directly from their dispersion.
Instead, unit-level inference is based on a heteroskedasticity- and autocorrelation-consistent long-run
variance estimator that captures the serial dependence induced by overlapping horizons.

(2) Reported Panel Benchmark Response.
It is useful to distinguish between the latent benchmark µh, which enters the cross-unit pooling prior
inside the hierarchical model, and the reported panel benchmark response, which is constructed post
hoc as a fixed-weight aggregation of regularized unit-level impulse responses, where the weights are
given by posterior means of draw-wise normalized precision weights. Let G = {1, . . . , N} denote
the full set of units. For each draw d, horizon h, and outcome variable j, define the normalized
precision weights

w
(d)
i =

ω
(d)
i∑N

m=1 ω
(d)
m

, ω
(d)
i =

1

τ
2,(d)
i

.

Using the posterior mean of these draw-wise normalized weights,

w̄i := E
[
w

(d)
i | data

]
,

the reported panel benchmark point estimate is

µ̂ panel
h,j =

N∑
i=1

w̄i α̂i,h,j . (30)

Units with smaller pooling variances receive larger weight, so the reported panel benchmark places
more mass on responses that are estimated to be more coherent with the pooled component of

10For unit-level impulse responses, the robust calibration follows the HAC-based artificial-posterior logic used in
Ferreira et al. (2025). For aggregated objects such as subgroup and panel benchmarks, Appendix A.10, when included,
provides an application-specific theorem establishing the asymptotic validity of pointwise DK-style long-run variance
calibration under the maintained asymptotic assumptions.
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the model. Uncertainty for this reported panel benchmark is calibrated post hoc by combining
the unit-level influence contributions with the same weights used in the benchmark itself and then
applying a robust HAC/DK-type long-run variance estimator to the resulting aggregate series. The
resulting intervals are pointwise misspecification-robust intervals around this reported regularized
benchmark.

(3) Reported Leave-One-Out Response.
To compare unit i with the rest of the panel, we construct a leave-one-out benchmark that excludes
that unit. Let G−i = {1, . . . , N} \ {i} denote the set of remaining units. For each draw d, define
the leave-one-out normalized precision weights

w
(d)
m,(−i) =

ω
(d)
m∑

` 6=i ω
(d)
`

, m 6= i, ω(d)
m =

1

τ
2,(d)
m

.

Using the posterior mean of these draw-wise normalized weights,

w̄m,(−i) := E
[
w

(d)
m,(−i) | data

]
, m 6= i,

the reported leave-one-out benchmark is defined as

µ̂
(−i)
h,j =

∑
m 6=i

w̄m,(−i) α̂m,h,j . (31)

This benchmark summarizes the response profile implied by the remaining units only. Comparing
the reported unit-level response to the corresponding leave-one-out benchmark therefore isolates
whether unit i is broadly aligned with the pooled cross-sectional pattern or exhibits systematic
deviations from it. Uncertainty for the leave-one-out benchmark is calibrated post hoc by combining
the unit-level influence contributions of the remaining units with the same leave-one-out weights
used in the benchmark itself and then applying a robust HAC/DK-type long-run variance estimator
to the resulting aggregate series.

(4) Reported Group-specific Response.
The same aggregation logic can be applied to any subset of units. For a group G ⊂ {1, . . . , N},
define the draw-wise normalized subgroup precision weights

w
(d)
i,G =

ω
(d)
i∑

m∈G ω
(d)
m

, i ∈ G, ω
(d)
i =

1

τ
2,(d)
i

.

Using the posterior mean of these draw-wise normalized subgroup weights,

w̄i,G := E
[
w

(d)
i,G | data

]
, i ∈ G,

the reported group-specific response is defined as
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µ̂G,h,j =
∑
i∈G

w̄i,G α̂i,h,j . (32)

This construction yields group-specific responses that remain fully consistent with the cross-unit
pooling logic of the model. As for the panel benchmark, uncertainty for these aggregated responses
is calibrated post hoc by combining the unit-level influence contributions with the same subgroup
weights used in the benchmark itself and then applying a robust HAC/DK-type long-run variance
estimator to the resulting aggregate series.
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4 Monetary Policy Transmission in the Euro Area

This section illustrates the BPLP framework introduced in Section 3 by examining monetary policy
transmission across eight euro area economies. The analysis combines a balanced monthly panel for
Austria, France, Germany, the Netherlands, Italy, Spain, Portugal, and Greece with high-frequency
identified monetary policy surprises. The empirical objective is twofold: (i) to characterize the
common component of monetary transmission and (ii) to quantify systematic cross-country hetero-
geneity. Reflecting the ECB’s primary mandate, the discussion focuses on inflation, while results for
industrial production and unemployment are used mainly to frame real-side adjustment costs.11

The data consist of monthly industrial production, the harmonised index of consumer prices
(HICP), and unemployment rates from January 2001 to April 2025. Industrial production and
HICP are expressed as year-on-year percentage changes, which smooth high-frequency volatility and
enhance comparability across countries. The unemployment rate enters in levels, consistent with
standard macroeconomic specifications. Monetary policy shocks are taken from the official euro-area
high-frequency shock series associated with Jarociński and Karadi (2020), which is available for
the sample used here from January 2001 to April 2025 and uses surprises around ECB policy
announcements together with sign restrictions to isolate monetary policy shocks from central bank
information shocks.12 Because euro area monetary policy is set centrally, the same identified shock
series is assigned to all countries and normalized to a one-standard-deviation innovation.

Estimation proceeds by running Bayesian Panel Local Projections up to 24 horizons. For each
country and horizon, the local projection includes an intercept, the common monetary policy shock,
and 12 lags of the outcome variables. Using 12 lags is standard for monthly macroeconomic data
and allows the specification to capture annual dynamics and residual persistence in a transparent
way. Given these transformations, the Minnesota prior mean for lag dynamics is set to zero in
the baseline specification. Cross-country heterogeneity is modeled through partial pooling of the
shock coefficients so that country-specific impulse responses are shrunk toward a horizon-specific
panel benchmark path, while intercepts and lag dynamics remain country-specific. The strength of
pooling is governed by the unit-specific heterogeneity parameters τ2i , so countries with more coherent
shock responses are pooled more tightly. Computation is based on a misspecified Gaussian working
likelihood with a diagonal scale matrix Σi,h, constructed prior to MCMC from preliminary OLS
residuals and treated as fixed thereafter. Smoothness across horizons is introduced via random-walk
priors for the benchmark path and for the horizon-specific tightness parameter λh. In addition, in
the baseline specification each country’s shock response path is smoothed across horizons. Inference

11Results for industrial production and unemployment are reported in Appendix B.
12High-frequency identification for monetary policy shocks in the euro area builds on asset-price movements in

narrow windows around ECB announcements; see Altavilla et al. (2019). Jarociński and Karadi (2020) discuss
the role of information effects in ECB announcement windows, and Ramey (2016) surveys identification strategies.
In the empirical application, these shocks are treated as externally identified monetary policy innovations for the
local-projection specification.
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is reported using pointwise misspecification-robust intervals: unit-level uncertainty is calibrated
by Newey–West long-run variance estimates that account for the serial dependence induced by
overlapping horizons, and aggregate (panel or group) responses use a DK-style long-run variance
estimator applied to the corresponding precision-weighted aggregated influence process. Markov
chain Monte Carlo sampling is conducted with 20,000 draws, discarding the first 10,000 as burn-in.
This choice is guided by the goal of obtaining stable posterior summaries and satisfactory convergence
diagnostics for the main hierarchical parameters.

The remainder of this section is organized as follows. We first describe the precision-weighted
panel response for inflation, which summarizes the common component of monetary transmission
across the eight euro area countries. We then turn to country-level inflation dynamics to identify
how atypical each country’s response is relative to its peers and evaluate regional Core–Periphery
patterns. The final subsection discusses the implications of these findings for monetary policy and
communication in a heterogeneous currency union.

4.1 The Common Component of Euro Area Inflation

The precision-weighted panel impulse response provides a summary of the common cross-country
component of monetary transmission by aggregating the country-level responses into a single bench-
mark path. The panel response at each horizon is computed as a precision-weighted average, where
weights are proportional to 1/τ2i , the inverse of the unit-specific pooling variances.13 This scheme
places greater weight on countries whose shock responses are estimated to align more tightly with
the evolving cross-sectional pattern, and correspondingly downweights economies whose responses
are more idiosyncratic.

Figure 1 summarizes in Panel A the Bayesian Panel Local Projection inflation response, whereas
Panel B shows the corresponding panel Local Projection benchmark estimated without Bayesian
regularization or horizon smoothing. The panel LP benchmark indicates some evidence that inflation
reacts to a contractionary monetary policy shock in the short- and medium-term horizons. Its point
estimates and Driscoll–Kraay bands are visibly more irregular across horizons, which is consistent
with the absence of the shrinkage and smoothing mechanisms built into the BPLP specification.

13The reported panel benchmark is not intended as a GDP-weighted euro-area aggregate. Rather, it is a model-based
precision-weighted summary that places greater weight on responses estimated to be more coherent with the pooled
component of the hierarchical specification.
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Figure 1: Panel Response of HICP inflation.

Panel A: Bayesian Panel Local Projections.
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Precision-weighted panel response of HICP inflation after a
one-standard-deviation monetary policy shock. Shown are
the regularized panel point estimates and 68% pointwise
misspecification-robust intervals based on Driscoll–Kraay-
style long-run variance calibration.

Panel B: Panel Local Projections.
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Panel Local Projection response of HICP inflation after
a one-standard-deviation monetary policy shock. Shown
are unsmoothed OLS point estimates with 68% pointwise
Driscoll–Kraay confidence intervals.

In contrast, the Bayesian Panel Local Projections deliver a more consistently negative regularized
response over short-to-medium horizons together with narrower pointwise misspecification-robust
intervals. A natural interpretation is that the Bayesian specification stabilizes estimation through
prior regularization and cross-sectional pooling, while uncertainty is calibrated separately through
misspecification-robust long-run variance estimators. By comparison, Panel B deliberately leaves
these regularizing mechanisms absent, so its more jagged profile provides a useful visual benchmark
for the stabilization delivered by the BPLP framework.

In what follows, the focus is on the BPLP benchmark response. The panel mean is negative
already at short horizons and becomes more pronounced over the first year. The response declines
from a small initial drop to a trough of roughly −0.1 percentage points around months nine to
eleven. The pointwise misspecification-robust intervals (shaded area) lie entirely below zero over a
broad short- to mid-horizon window, indicating evidence of a decline in inflation over that range.

After the trough, the response steadily attenuates, approaching zero around months 21 − 22.
At the longest horizons the point estimate turns slightly positive, but the uncertainty bands widen
and overlap zero, so the data do not support a precise statement about the sign of the response
beyond roughly 18 months. The smooth profile is consistent with the model’s regularization:
Minnesota-type shrinkage disciplines lag dynamics within each horizon, while random-walk smooth-
ing across horizons dampens erratic month-to-month movements without imposing a parametric
shape on the impulse response.

Figure 2 provides a direct view of the pooling mechanism. Panel A summarizes posterior dis-
persion in log(τ2i ) across countries, and Panel B reports the corresponding posterior mean precision
weights (normalized to sum to one) used to construct the panel benchmark.
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Figure 2: Heterogeneity Measures.

Panel A: Posterior Pooling Variances
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Panel B: Posterior Precision Weights
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Consequently, Panel B yields precision weights that are fairly even, with each economy contributing
on the order of one eighth of the benchmark and no single country dominating the aggregate
response. This matters for interpretation: the panel benchmark is not dominated by any single
member state in the precision-weighted aggregation, while remaining slightly more anchored in
those units whose responses are estimated to be more coherent within the model’s pooling structure.

Taken together, the evidence indicates that inflation declines following a contractionary mone-
tary policy shock across the euro area sample, although the strength and timing of this adjustment
may vary meaningfully across economies. These differences motivate the more granular country-level
and regional analysis in the next subsections.

4.2 Country-Specific Inflation Responses

To assess cross-country heterogeneity, we compare each country’s inflation response to a leave-one-
out (LOO) benchmark constructed from the remaining seven countries in the full sample. This
ensures that the reference path is not mechanically influenced by the country under consideration.
Panel A plots the regularized country response together with the corresponding LOO benchmark,
each accompanied by 68% pointwise misspecification-robust intervals. Panel B plots the difference
(country minus LOO benchmark): values above zero indicate that the country’s response lies above
the benchmark at that horizon, whereas values below zero indicate a response below the benchmark.
Deviations are interpreted as pointwise evidence of differential responses when the 68% pointwise
interval of the difference excludes zero.
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Among the core economies (Austria, France, Germany, and the Netherlands), France and Germany
track their respective LOO benchmarks closely. In both cases, the country-specific regularized point
estimate follows the same broad shape as the benchmark across horizons, and the corresponding
difference plots show that the 68% pointwise intervals overlap zero throughout, indicating no
systematic departure from the cross-country reference path. Austria, in contrast, exhibits a
pronounced deviation from its LOO benchmark: while the benchmark implies a negative inflation
response over the medium horizons, Austria’s regularized point estimate lies above that reference,
and the difference plot is positive for essentially all horizons. Moreover, the gap for Austria is
sizeable over the medium-to-long horizons, and the 68% pointwise interval of the difference excludes
zero over a wide range, indicating that Austria’s inflation response lies pointwise above what is
implied by the other seven countries over that range.

Figure 3: Core Countries’ HICP Inflation Response.

Panel A: Country’s Response relative to the
Leave-One-Out Benchmark.

Panel B: Difference between Country and
Leave-One-Out Benchmark.
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(a) Austria’s inflation response (black) relative to its leave-
one-out benchmark (blue). Shown are the regularized point
estimates together with 68% pointwise misspecification-
robust intervals.
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(b) Difference between Austria’s inflation response and
its leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.
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(c) France’s inflation response (black) relative to its leave-
one-out benchmark (blue). Shown are the regularized point
estimates together with 68% pointwise misspecification-
robust intervals.
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(d) Difference between France’s inflation response and
its leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.
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Figure 3: Core Countries’ HICP Inflation Response. (continued).

Panel A: Country’s Response relative to the
Panel.

Panel B: Difference Plot between Country and
Panel.
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(e) Germany’s inflation response (black) relative to its
leave-one-out benchmark (blue). Shown are the reg-
ularized point estimates together with 68% pointwise
misspecification-robust intervals.
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(f) Difference between Germany’s inflation response and
its leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.

Netherlands

−0.2

−0.1

0.0

0.1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Horizon (h)

R
es

po
ns

e 
(p

er
ce

nt
ag

e 
po

in
ts

, Y
oY

)

(g) The Netherlands’ inflation response (black) relative
to its leave-one-out benchmark (blue). Shown are the
regularized point estimates together with 68% pointwise
misspecification-robust intervals.
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(h) Difference between the Netherlands’ inflation re-
sponse and its leave-one-out benchmark. Shown is the
regularized difference together with the 68% pointwise
misspecification-robust interval.

The Netherlands display a different form of heterogeneity. The difference plot is mildly positive
at short horizons but turns negative after roughly the first year and becomes strongly negative at
longer horizons. This implies that the Dutch response starts out slightly above the LOO benchmark
but then falls below it later on, with a persistent medium-to-long horizon gap.

Taken together, the core group contains two countries that are close to the benchmark (France and
Germany) and two that deviate in economically distinct ways: Austria is consistently above its
peers’ benchmark, whereas the Netherlands transitions from a small short-run positive gap to a
pronounced negative gap at longer horizons.
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Country-Specific Inflation Responses: Periphery

Figure 4 repeats the leave-one-out (LOO) comparison for Italy, Spain, Portugal, and Greece. In
Panel A, the solid line is the country-specific regularized response and the dashed line is the
corresponding LOO benchmark (the precision-weighted panel response recomputed without that
country). Panel B reports the gap between the two (country minus LOO benchmark). Negative
values indicate a more negative inflation response than implied by peers, while positive values
indicate a less negative response (or a relative increase). Statistical relevance is assessed by whether
the 68% pointwise interval in Panel B excludes zero.

Figure 4: Periphery Countries’ HICP Inflation Response.

Panel A: Country’s Response relative to the
Panel.

Panel B: Difference Plot between Country and
Panel.
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(a) Italy’s inflation response (black) relative to its
leave-one-out benchmark (blue). Shown are the reg-
ularized point estimates together with 68% pointwise
misspecification-robust intervals.
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(b) Difference between Italy’s inflation response and its
leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.
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(c) Spain’s inflation response (black) relative to its leave-
one-out benchmark (blue). Shown are the regularized point
estimates together with 68% pointwise misspecification-
robust intervals.
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(d) Difference between Spain’s inflation response and its
leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.
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Figure 4: Periphery Countries’ HICP Inflation Response. (continued).

Panel A: Country’s Response relative to the
Panel.

Panel B: Difference Plot between Country and
Panel.
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(e) Portugal’s inflation response (black) relative to its
leave-one-out benchmark (blue). Shown are the reg-
ularized point estimates together with 68% pointwise
misspecification-robust intervals.
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(f) Difference between Portugal’s inflation response and
its leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.

Greece
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(g) Greece’s inflation response (black) relative to its leave-
one-out benchmark (blue). Shown are the regularized point
estimates together with 68% pointwise misspecification-
robust intervals.
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(h) Difference between Greece’s inflation response and
its leave-one-out benchmark. Shown is the regularized dif-
ference together with the 68% pointwise misspecification-
robust interval.

Two patterns stand out. First, Portugal appears as the most pronounced outlier within the
periphery. Its response falls sharply and remains substantially below the LOO benchmark through-
out the horizons. The difference plot declines steadily and stays negative at medium and long
horizons. Relative to the rest of the sample, Portugal is estimated to exhibit a larger and more
persistent decline in inflation rather than a short-lived deviation concentrated at a particular horizon.

Second, Spain and Greece share a common shape relative to their LOO benchmarks. Both start
below the benchmark at short horizons (negative differences), but the gap narrows over time and
turns positive at longer horizons. Concretely, Spain’s inflation drops more than the LOO benchmark
in the first year, after which the country-specific path catches up and eventually moves above the
benchmark toward the end of the horizon. Greece shows the same qualitative pattern, with a
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clearer early shortfall relative to the benchmark and a gradual turn toward positive differences later
on. These profiles suggest that these countries are not uniformly associated with a larger inflation
decline than the panel, instead, they load more on the early part of the adjustment and less on the
late part.

Italy is the closest to the cross-sectional pattern in the sense that its country path is broadly
aligned with the LOO benchmark in Panel A. The difference plot is modest and mostly positive,
indicating that Italy’s response tends to be slightly less negative than what is implied by the rest of
the sample, especially around medium horizons, but without the pronounced and persistent gap
observed for Portugal.

Taken together, the periphery does not move as a single block relative to the panel benchmark.
Portugal contributes a distinctly larger and longer-lasting decline in inflation, whereas Spain and
Greece deviate mainly through a re-timing of the response, i.e., stronger early movements paired
with comparatively weaker (and eventually higher) outcomes at longer horizons. Italy, in contrast,
remains comparatively close to its peers. These country-level patterns motivate the subsequent
aggregation into Core and Periphery responses, which clarifies how much of the regional difference
is driven by a persistent level shift (Portugal) versus differences in timing (Spain and Greece).

Regional Patterns: Core versus Periphery

Figure 5 aggregates the country-level inflation responses into two groups, the Core (Austria, France,
Germany, the Netherlands) and the Periphery (Italy, Spain, Portugal, Greece), using the same
precision-weighting logic as for the panel benchmark. Panel A plots the two regional impulse re-
sponses with 68% pointwise misspecification-robust intervals. Both regions display the expected sign
following a contractionary monetary policy shock, i.e., inflation moves below zero for an extended
stretch of horizons. The Core response is comparatively modest: after a small negative movement
at short horizons, it reaches its most negative values around the medium horizons and then steadily
drifts back toward zero. The pointwise intervals remain relatively tight throughout, consistent with
Core-country responses being more mutually coherent.

The Periphery response is qualitatively similar but quantitatively stronger. Inflation falls more
sharply and reaches a noticeably deeper trough around the same medium horizons, with a magnitude
roughly about twice as large as the Core at the low point. Uncertainty is also visibly higher in the
Periphery, reflected in wider pointwise intervals, indicating greater within-group heterogeneity even
after pooling. Toward the end of the horizon, both regional responses approach small values and
the uncertainty bands widen, so differences become harder to pin down precisely.

29



Figure 5: Core vs Periphery Response of HICP inflation.

Panel A: Core vs Periphery Panel B: Difference Plot
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(a) Responses of the Core (Austria, France, Germany, the
Netherlands) and the Periphery (Italy, Spain, Portugal,
Greece) for HICP inflation after a one-standard-deviation
monetary policy shock. The Core response is shown in
blue and the Periphery response in brown. Shown are
the regularized group point estimates together with 68%
pointwise misspecification-robust intervals.
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(b) Difference between the Core and Periphery responses
of HICP inflation after a one-standard-deviation mon-
etary policy shock. Shown is the regularized difference
together with the 68% pointwise misspecification-robust
interval.

Panel B reports the difference (Core minus Periphery). The difference curve lies predominantly
above zero over the horizons where the inflation decline is largest, suggesting that the Periphery
experiences a more negative inflation response than the Core in the medium run. The largest
gaps occur around the trough region, aligning with the visual separation between the two paths in
Panel A. Overall, the regional comparison shows that cross-country heterogeneity documented in
the leave-one-out figures is not only idiosyncratic at the country level, but also broadly consistent
with a noticeable Core–Periphery pattern.

Implications for Monetary Policy and Communication

The preceding subsection summarizes how the panel benchmark, country-specific deviations, and
regional patterns jointly characterize monetary transmission across the eight euro area economies.
These results have several implications for the interpretation and communication of monetary policy
in a heterogeneous currency union.

First, the inflation response of the panel benchmark provides a useful summary measure of the
euro-area-wide effect of a monetary policy tightening. The estimated path is persistent, suggesting
that the common component of monetary transmission is well behaved and that the short- to
medium-term inflation trajectory is reasonably stable in the data. This benchmark can serve as a
reference point for communicating the expected effects of policy decisions, while acknowledging that
the underlying country-level responses are not identical.
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Second, the cross-country and regional differences imply that a policy-rate change generates un-
equal timing and, in some cases, unequal intensity in the decline of inflation across member states.
Economies with faster transmission experience an earlier fall in inflation and may perceive the stance
as comparatively tighter, while those with slower transmission face a more gradual adjustment. The
posterior pooling variances and precision weights provide diagnostics for these asymmetries: coun-
tries with larger pooling variances contribute less to the panel benchmark because their responses
are more idiosyncratic or more uncertain, while countries with tightly estimated profiles anchor
the benchmark. These diagnostics offer a disciplined way to relate national perspectives to the
aggregate inflation outlook.

Third, the results bear on the interpretation of forward-looking communication. Forward guidance
aims to coordinate expectations about the future path of monetary policy and inflation, but hetero-
geneous transmission suggests that the same guidance may be interpreted differently across member
states. While the analysis does not estimate expectations or guidance effects directly, it clarifies
the empirical environment in which they operate: some countries exhibit relatively predictable
and tightly estimated inflation responses, whereas others face more uncertain and more dispersed
adjustment paths.

Finally, the results suggest that the common component and the group-level responses are di-
rectionally aligned in this sample, even though the timing and magnitude vary across countries.
The hierarchical structure makes this transparent: a single monetary policy shock can generate a
shared negative inflation response while allowing for meaningful variation in timing and persistence.
Robustness checks, when included in Appendix B, vary the degree of cross-country pooling, the
tightness of lag shrinkage, and related hyperparameters, and are intended to assess whether the
main heterogeneity patterns are driven by a particular calibration.

In sum, the BPLP framework provides a transparent decomposition between common and country-
specific components of monetary policy transmission in the eight euro area member countries. The
precision-weighted panel benchmark and the leave-one-out diagnostics offer interpretable summaries
of the cross-sectional pattern and its deviations, helping to characterize where transmission is
cohesive and where it differs in timing or magnitude.
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5 Conclusion

This paper proposes a Bayesian Panel Local Projections framework for estimating the transmission
of monetary policy in a heterogeneous currency union. The econometric contribution is twofold:
the model combines country-specific local projections with hierarchical pooling that adapts endoge-
nously to the cross-sectional structure of the data, and it embeds Minnesota-type lag shrinkage with
horizon-smoothing priors that stabilize medium-term IRFs without imposing excessive structure.
The resulting hierarchical posterior objects, in particular the pooling variances and precision weights,
provide a transparent decomposition of heterogeneity and common dynamics, while uncertainty for
reported impulse responses is calibrated separately using misspecification-robust methods.

The empirical application to an eight-country euro area sample illustrates that the framework
can deliver coherent and economically plausible impulse responses at both the aggregate and disag-
gregate levels. The estimates suggest a common component of monetary transmission: inflation
responds negatively to a contractionary shock in a persistent manner, with pointwise misspecification-
robust intervals that remain interpretable across horizons. At the same time, the model uncovers
meaningful cross-country variation in both the timing and the magnitude of inflation. While the
panel benchmark is not dominated by a single economy in the precision-weighted aggregation, the
Periphery is estimated to exhibit earlier and more pronounced adjustment than the Core. The
hierarchical prior structure is designed to help distinguish systematic heterogeneity from idiosyn-
cratic noise, making the estimated differences more economically interpretable and less sensitive to
sampling variability.

These findings illustrate that a single monetary policy can generate a unified directional response
while still producing heterogeneous trajectories across member states. This has direct relevance
for policy communication, interpretation of national perspectives within the Governing Council,
and assessment of the distribution of adjustment costs. Robustness exercises, when included in the
full version, are intended to assess whether the qualitative patterns remain stable across reasonable
prior choices.

More broadly, the BPLP framework offers a flexible and computationally efficient tool for studying
policy transmission in panels where heterogeneity is expected but should not be imposed mechani-
cally. Future work may extend the framework to allow for time-varying pooling or to incorporate
alternative shock identification schemes. Nonetheless, the results presented here highlight that
carefully designed Bayesian structure can reconcile common monetary dynamics with meaningful
cross-country variation, providing a richer and more transparent depiction of policy transmission in
a heterogeneous monetary union.
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A Technical Appendix: Bayesian Panel Local Projections (BPLP)

This appendix provides the technical details for the Bayesian Panel Local Projections (BPLP) frame-
work. It derives the main posterior updating blocks and documents the implemented regularized
quasi-posterior machinery. The presentation is aligned with the empirical implementation, including
the use of a fixed working covariance matrix and a post hoc robust inference step.

We consider a panel of N units and horizons h ∈ {0, 1, . . . , H}. Let L denote the number of
lags in the local projection design. For each horizon h, define the effective sample size as

Th = T − L− h.

For each unit i and horizon h, let

• Yi,h ∈ RTh×n denote the stacked outcomes,

• Xi,h ∈ RTh×k denote the stacked regressors, and

• Bi,h ∈ Rk×n denote the corresponding coefficient matrix.

The impulse responses of interest are given by the coefficients on the identified shock and may
optionally be smoothed across horizons depending on the specification.

A.1 Local Projection Regression System

For each unit i and horizon h, the local projection system is

Yi,h = Xi,hBi,h + Ui,h, Ui,h ∈ RTh×n. (A.1)

Gaussian Working Likelihood.
Conditional on Bi,h, the forecast errors are modeled using a Gaussian working likelihood with
independence over time and a horizon-specific covariance matrix Σi,h across equations:

Ui,h | Σi,h ∼ MN Th×n(0, ITh
, Σi,h), (A.2)

or, equivalently,

Yi,h | Bi,h,Σi,h ∼ MN Th×n

(
Xi,hBi,h, ITh

, Σi,h

)
. (A.3)

The matrix Σi,h is treated as fixed during posterior simulation and is computed outside the Markov
chain; see Section A.8. It serves as a scaling device in the quasi-posterior update and is not intended
to represent the true covariance structure of the local-projection forecast errors. In particular, serial
dependence induced by overlapping horizons is not modeled here but is handled separately through
the misspecification-robust long-run variance calibration used for inference.
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Under misspecification, the resulting quasi-posterior concentrates around pseudo-true parame-
ter values defined as minimizers of the corresponding population least-squares criterion. The
asymptotic justification for inference around these pseudo-true objects is provided in Appendix A.10.

Sufficient Statistics.
Define the cross-product matrices

SXX
i,h = X ′

i,hXi,h ∈ Rk×k, SXY
i,h = X ′

i,hYi,h ∈ Rk×n. (A.4)

Conditional on Σi,h and the hyperparameters, the full conditional update for Bi,h depends on the
data only through these sufficient statistics.

A.2 Prior for Bi,h: Minnesota Shrinkage and Cross-Unit Pooling

A.2.1 Pooled Coefficient Block

Let R ⊆ {1, . . . , k} denote the set of regressor indices whose coefficients are pooled across units.
In the empirical application, this set corresponds to the identified shock, although the framework
allows additional pooling (e.g., for intercepts or trends). Let R = |R|.

Write B
(R)
i,h ∈ RR×n for the submatrix of Bi,h formed by the pooled rows, and let µ

(R)
h ∈ RR×n

denote the corresponding latent benchmark block.

A.2.2 Minnesota-type Prior Mean b0,h

Let b0,h ∈ Rk×n denote the Minnesota-type prior mean at horizon h. In the current implementation,
this object is horizon-invariant, so b0,h ≡ b0. The own first lag is centered according to the persistence
properties of the data, while all remaining coefficients are centered at zero.

A.2.3 Minnesota Precision Ωi,h(λh)

For each unit i and horizon h, let Ωi,h(λh) ∈ Rk×k denote a diagonal prior precision matrix,

Ωi,h(λh) = diag(ωi,h,1, . . . , ωi,h,k).

For lag coefficients at lag ` ∈ {1, . . . , L} and variable s ∈ {1, . . . , n}, the precision takes the
Minnesota form

ωi,h,`,s =
`2 scale2i,h,s

λ2
h

, (A.5)

where scalei,h,s > 0 is a fixed scale-normalization term. These scale factors are treated as fixed
within the posterior simulation and can be constructed from preliminary residual-based estimates
to normalize coefficients across variables and horizons.
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Intercept, shock, and trend regressors are assigned diffuse Minnesota dispersion. In particular, for
every pooled regressor index r ∈ R,

ωi,h,r = 0, r ∈ R. (A.6)

Thus, the Minnesota block is flat on the pooled coefficients and, taken on its own, is generally
improper when R 6= ∅. Propriety is ensured by combining it with the cross-unit pooling block
introduced below.

A.2.4 Pooling Precision

Each unit i has a heterogeneity parameter τi > 0 with variance τ2i .

Case A (independent pooled coefficients).
If pooled coefficients are independent across the R pooled regressors, the pooling block uses an
identity structure.

Case B (dependent pooled coefficients).
More generally, dependence across pooled coefficients can be introduced through a positive definite
matrix ΣB ∈ RR×R with inverse Σ−1

B .

Both cases are covered by defining

A =

IR, independent case,

Σ−1
B , dependent case.

The pooling precision matrix Ti(τ
2
i ) ∈ Rk×k is then defined by

Ti(τ
2
i )
∣∣
R,R =

1

τ2i
A, Ti(τ

2
i )
∣∣
Rc,· = 0. (A.7)

A.2.5 Joint Prior Distribution of Bi,h

Define the total prior precision matrix as

Pi,h(λh, τ
2
i ) = Ωi,h(λh) + Ti(τ

2
i ). (A.8)

The corresponding prior mean is the precision-weighted combination of the Minnesota prior mean
and the pooled benchmark,

mi,h = P−1
i,h

(
Ωi,h(λh)b0,h + Ti(τ

2
i )µh

)
. (A.9)
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The resulting joint prior is matrix-normal,

Bi,h | λh, τ
2
i , µh,Σi,h ∼ MN k×n

(
mi,h, P

−1
i,h , Σi,h

)
. (A.10)

Thus, Minnesota shrinkage and cross-unit pooling combine additively in precision form, while Σi,h

provides a common scaling across outcome equations.

A.3 Posterior of Bi,h

Because both the Gaussian working likelihood and the joint prior for Bi,h are matrix-normal, the
conditional posterior of Bi,h is available in closed form.

A.3.1 Derivation by Completing the Square

To simplify notation, suppress the (i, h) subscripts and write Σ = Σi,h, X = Xi,h, Y = Yi,h, P = Pi,h,
and m = mi,h. The derivation follows by collecting the terms in B from the working likelihood and
the prior, and then completing the square.

The likelihood kernel in B is

log p(Y | B,Σ) ∝ −1

2
tr
(
Σ−1(Y −XB)′(Y −XB)

)
. (A.11)

Expanding the quadratic form gives

(Y −XB)′(Y −XB) = Y ′Y − Y ′XB −B′X ′Y +B′X ′XB,

⇒ tr
(
Σ−1(Y −XB)′(Y −XB)

)
= tr(Σ−1Y ′Y )− 2 tr

(
Σ−1B′X ′Y

)
+ tr

(
Σ−1B′X ′XB

)
.

(A.12)

The prior kernel in B is

log p(B | λh, τ
2
i , µh,Σ) ∝ −1

2
tr
(
Σ−1(B −m)′P (B −m)

)
. (A.13)

Expanding this term gives

(B −m)′P (B −m) = B′PB −B′Pm−m′PB +m′Pm,

⇒ tr
(
Σ−1(B −m)′P (B −m)

)
= tr

(
Σ−1B′PB

)
− 2 tr

(
Σ−1B′Pm

)
+ tr

(
Σ−1m′Pm

)
. (A.14)

Combining (A.12) and (A.14), and dropping terms that do not depend on B, the quadratic term in
B is
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tr
(
Σ−1B′(X ′X + P )B

)
,

while the linear term is

−2 tr
(
Σ−1B′(X ′Y + Pm)

)
.

It follows that the posterior is matrix-normal with posterior precision

QB
i,h = X ′

i,hXi,h + Pi,h(λh, τ
2
i ), (A.15)

and posterior mean

B̄i,h = (QB
i,h)

−1
(
X ′

i,hYi,h + Pi,hmi,h

)
. (A.16)

Using (A.9), note that
Pi,hmi,h = Ωi,hb0,h + Ti(τ

2
i )µh,

so the posterior mean can equivalently be written as

B̄i,h = (QB
i,h)

−1
(
X ′

i,hYi,h +Ωi,h(λh)b0,h + Ti(τ
2
i )µh

)
. (A.17)

A.3.2 Full conditional

Therefore, the full conditional distribution of Bi,h is

Bi,h | Yi,h, Xi,h, λh, τ
2
i , µh,Σi,h ∼ MN k×n

(
B̄i,h, (Q

B
i,h)

−1, Σi,h

)
. (A.18)

A.4 Hierarchical Pooling: Priors and Posteriors for τ 2i and ΣB

A.4.1 Prior for τ2i

The unit-specific pooling variance is assigned an inverse-gamma prior,

τ2i ∼ Inv-Gamma(aτ , bτ ). (A.19)

A.4.2 Pooling Block as a Function of τ2i

Let
Ei,h = B

(R)
i,h − µ

(R)
h ∈ RR×n

denote the deviation of the pooled coefficient block from the latent benchmark at horizon h. The
pooling prior for the pooled submatrix can be written as

B
(R)
i,h | µ(R)

h , τ2i ,ΣB,Σi,h ∼ MNR×n

(
µ
(R)
h , τ2i ΣB, Σi,h

)
, (A.20)
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with ΣB = IR in the case where pooled coefficients are independent across rows.

Conditional on {µ(R)
h }Hh=0, the contribution of this pooling block to the kernel in τ2i is, up to

constants that do not depend on τ2i ,

p({B(R)
i,h }h | {µ(R)

h }h, τ2i , ·) ∝ (τ2i )
−Rn(H+1)

2 exp

{
− 1

2τ2i

H∑
h=0

tr
(
Σ−1
i,hE

′
i,hΣ

−1
B Ei,h

)}
. (A.21)

If ΣB = IR, the factor Σ−1
B drops out. In the empirical application, the pooled block is one-

dimensional (R = 1), so this expression reduces to the scalar pooling case.

A.4.3 Full Conditional for τ2i

Combining (A.19) and (A.21) yields the conjugate full conditional

τ2i | {Bi,h}h, {µh}h, {Σi,h}h,ΣB ∼ Inv-Gamma
(
aτ +

Rn(H + 1)

2
, bτ +

1

2

H∑
h=0

tr
(
Σ−1
i,hE

′
i,hΣ

−1
B Ei,h

))
.

(A.22)

A.4.4 Optional Prior and Full Conditional for ΣB

If the optional covariance matrix ΣB is used, it is assigned an inverse-Wishart prior,

ΣB ∼ Inv-Wishart(ν0,B, S0,B). (A.23)

Given {Bi,h} and {µh}, define the pooled deviations

Di,h = B
(R)
i,h − µ

(R)
h .

Under (A.20), the corresponding conjugate full conditional is

ΣB | {Bi,h}i,h, {µh}h, {τ2i }i, {Σi,h}i,h ∼ Inv-Wishart
(
ν0,B + nN(H + 1), S0,B +

H∑
h=0

N∑
i=1

1

τ2i
Di,hΣ

−1
i,hD

′
i,h

)
.

(A.24)
This block is included for completeness. It is not used in the empirical application, which works with
the simpler specification that does not introduce cross-row dependence within the pooled coefficient
block.
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A.5 Latent Benchmark Path {µh}: Smoothing and State-Space Update

This subsection describes the update of the latent benchmark path {µh}Hh=0 that enters the cross-unit
pooling prior. This latent benchmark should be distinguished from the reported panel benchmark
in the main text, which is constructed separately as a post hoc aggregation of regularized unit-level
responses. When no smoothing across horizons is imposed, the latent benchmark is updated horizon
by horizon. The present subsection gives the corresponding state-space representation for the
smoothed case. Without benchmark smoothing, the update reduces to horizon-by-horizon Gaussian
conditioning based on the measurement equation (A.30), so FFBS is only needed in the smoothed
case with state equation (A.25).

A.5.1 State-Space Representation

Stack the pooled coefficients into a vector

θh = vec
(
µ
(R)
h

)
∈ Rd, d = Rn.

Let m0 ∈ Rd and C0 ∈ Rd×d denote the prior mean and covariance of θ0. In the default prior,
C0 = (1/V −1

0 )Id if V −1
0 > 0 and is diffuse otherwise.

RW1 State Equation.
The smoothed latent benchmark follows a first-order Gaussian random walk,

θ0 ∼ N (m0, C0), θh = θh−1 + uh, uh ∼ N (0,Wµ), h = 1, . . . , H, (A.25)

with innovation covariance

Wµ = σ2
µ

(
Σµ ⊗ IR

)
. (A.26)

Here Σµ ∈ Rn×n is a fixed correlation-normalized covariance matrix constructed from the working
covariance matrices; see Section A.8. It satisfies diag(Σµ) = 1 and determines how innovations
in the latent benchmark co-move across outcomes. The scalar σ2

µ governs the overall degree of
smoothness.

Prior for σ2
µ.

The smoothing parameter σ2
µ is assigned an inverse-gamma prior

σ2
µ ∼ Inv-Gamma(aµ, bµ). (A.27)

A.5.2 Measurement Equation Implied by the Pooling Prior

At each horizon h, let
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bi,h = vec
(
B

(R)
i,h

)
∈ Rd

denote the pooled coefficient block for unit i in vectorized form. The pooling prior implies that,
conditional on θh and τ2i , this block is Gaussian with precision

Λi,h =
1

τ2i

(
Σ−1
i,h ⊗A

)
, (A.28)

where A = IR in the independent case and A = Σ−1
B in the dependent case.

Because the cross-sectional pooling contributions are Gaussian and conditionally independent
across units, they aggregate into a single Gaussian measurement equation at horizon h:

Λh =

N∑
i=1

Λi,h, Rh = Λ−1
h , yh = Rh

(
N∑
i=1

Λi,hbi,h

)
, (A.29)

so that

yh | θh ∼ N (θh, Rh). (A.30)

Thus, at each horizon, the cross section reduces to a single Gaussian measurement pair (yh, Rh) for
the latent benchmark state.

A.5.3 FFBS Update for {θh}Hh=0

Given (A.25) and (A.30), the smoothed latent benchmark path is updated in a linear Gaussian
state-space system. Sampling proceeds by forward-filtering backward-sampling (FFBS).

Forward filter.
Initialize

a0 = m0, P0 = C0.

At horizon h = 0, update using (y0, R0):

S0 = P0 +R0, (A.31)

K0 = P0S
−1
0 , (A.32)

m?
0 = a0 +K0(y0 − a0), (A.33)

C?
0 = (I −K0)P0. (A.34)

For h = 1, . . . , H, first predict:
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ah = m?
h−1, Ph = C?

h−1 +Wµ, (A.35)

and then update:

Sh = Ph +Rh, (A.36)

Kh = PhS
−1
h , (A.37)

m?
h = ah +Kh(yh − ah), (A.38)

C?
h = (I −Kh)Ph. (A.39)

Backward sampling. Draw θH ∼ N (m?
H , C?

H). For h = H − 1, . . . , 0 define

Jh = C?
hP

−1
h+1. (A.40)

Then

θh | θh+1, y0:H ∼ N
(
m?

h + Jh(θh+1 − ah+1), C
?
h − JhPh+1J

′
h

)
. (A.41)

Finally, reshape θh back into µ
(R)
h ∈ RR×n and embed it in µh ∈ Rk×n.

A.5.4 Full Conditional for σ2
µ

Under (A.26), the increments ∆h = θh − θh−1 satisfy

∆h ∼ N
(
0, σ2

µ(Σµ ⊗ IR)
)
.

The conjugate update therefore depends on the quadratic form

SSµ =

H∑
h=1

∆′
h

(
Σ−1
µ ⊗ IR

)
∆h. (A.42)
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Let

dfµ = HRn.

Then

σ2
µ | {µh} ∼ Inv-Gamma

(
aµ +

dfµ
2

, bµ +
SSµ
2

)
. (A.43)

A.6 Horizon-specific Tightness λh

The Minnesota tightness parameter is allowed to vary across horizons. To impose positivity, write

zh = log λh.

The prior for λh is Gamma with shape kλ and scale θλ:

λh ∼ Gamma(kλ, θλ). (A.44)

Optionally, smoothness across horizons is introduced through an RW1 prior on zh:

z0 ∼ N (mz, Vz), zh | zh−1, σ
2
z ∼ N (zh−1, σ

2
z), h = 1, . . . , H, (A.45)

with

σ2
z ∼ Inv-Gamma(az, bz). (A.46)

A.6.1 Conditional Target for zh

The conditional update of zh combines four ingredients: the prior density of Bi,h through its
dependence on λh via Ωi,h(λh), the Gamma prior for λh, the RW1 prior for zh, and the Jacobian
term implied by the transformation λh = ezh .

Fix h and write λ = ezh . For each unit i, define

Pi,h(λ) = Ωi,h(λ) + Ti(τ
2
i ), mi,h(λ) = Pi,h(λ)

−1
(
Ωi,h(λ)b0,h + Ti(τ

2
i )µh

)
,

and

Di,h(λ) = Bi,h −mi,h(λ).

From the matrix-normal prior (A.10), the part of the log-kernel that depends on λ is

log p(Bi,h | λ, τ2i , µh,Σi,h) =̇
n

2
log |Pi,h(λ)| −

1

2
tr
(
Σ−1
i,hDi,h(λ)

′Pi,h(λ)Di,h(λ)
)
. (A.47)
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In the zh parametrization, the Gamma prior contributes

log p(λ) = (kλ − 1)zh −
ezh

θλ
+ const,

and the transformation from λh to zh contributes the Jacobian term +zh. The RW1 prior adds
the corresponding quadratic term in neighboring values of zh, with the boundary case at h = 0

determined by (z0 −mz)
2/Vz.

Collecting these components, the conditional target for zh is

log p(zh | ·) =̇
N∑
i=1

[
n

2
log |Pi,h(e

zh)| − 1

2
tr
(
Σ−1
i,hDi,h(e

zh)′Pi,h(e
zh)Di,h(e

zh)
)]

+ (kλ − 1)zh −
ezh

θλ
+ zh + log p(zh | z−h,mz, Vz, σ

2
z), (A.48)

where log p(zh | z−h, ·) denotes the RW1 conditional prior term implied by (A.45). Because (A.48)
is non-conjugate, zh is updated by a one-dimensional MCMC step, such as slice sampling or
random-walk Metropolis.

A.6.2 Full Conditional for σ2
z

Let ∆zh = zh − zh−1. Under (A.45) and (A.46), the conditional distribution of σ2
z is

σ2
z | {zh} ∼ Inv-Gamma

(
az +

H

2
, bz +

1

2

H∑
h=1

(∆zh)
2
)
. (A.49)

A.7 Optional Smoothing of Unit-Level Shock Responses across Horizons

An optional specification imposes smoothness directly on the unit-level shock response path across
horizons. This block is distinct from the smoothing of the latent benchmark path discussed above:
here the object being smoothed is the unit-specific shock coefficient itself.

Let βi,h ∈ Rn denote the shock coefficient vector for unit i at horizon h, i.e. the unit-level
impulse response vector. The smoothing prior is

βi,h = βi,h−1 + ηi,h, ηi,h ∼ N
(
0, ξ2Σα

)
, h = 1, . . . , H, (A.50)

where Σα is a fixed positive definite matrix constructed from the working covariance matrices Σi,h

and ξ2 > 0 is the smoothing parameter. In the implementation, the initial state is treated diffusely.
In the univariate version, Σα is replaced by diag(Σα), so smoothing is applied outcome by outcome.
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A.7.1 Conditional State-Space Update

The smoothed shock path is updated conditional on the remaining coefficient rows. Let r? denote
the row index of the shock regressor in Bi,h and define

βi,h = Bi,h(r?, ·)′ ∈ Rn.

Partition the coefficient matrix as

Bi,h =

[
β′
i,h

B
(−?)
i,h

]
,

where B
(−?)
i,h ∈ R(k−1)×n collects all non-shock rows.

The state-space update is obtained by isolating the working-likelihood contribution of the shock
row and, when shock pooling is active, combining it with the hierarchical pooling prior. To do so,
partition the sample cross-product matrix SXX

i,h = X ′
i,hXi,h and the cross moment SXY

i,h = X ′
i,hYi,h

conformably as

SXX
i,h =

[
s??,i,h s?o,i,h

so?,i,h SXX
oo,i,h

]
, SXY

i,h =

[
s?y,i,h

SXY
oy,i,h

]
.

Given the current non-shock rows B(−?)
i,h , define the implied working-likelihood pseudo-observation

ŷi,h =
1

s??,i,h

(
s?y,i,h − s?o,i,hB

(−?)
i,h

)
∈ R1×n, (A.51)

whenever s??,i,h > 0. This is the conditional Gaussian measurement for the shock row implied by
the Gaussian working likelihood.

In the multivariate version, the corresponding working measurement equation is

ŷ′i,h | βi,h ∼ N
(
βi,h, Vi,h

)
, Vi,h =

1

s??,i,h
Σi,h. (A.52)

In the univariate version, only the diagonal elements are retained:

ŷi,h,j | βi,h,j ∼ N
(
βi,h,j , Σi,h(j, j)/s??,i,h

)
, j = 1, . . . , n. (A.53)

If shock pooling is active, the cross-unit pooling prior for the shock

βi,h | µ(?)
h , τ2i ∼ N

(
µ
(?)
h , τ2i Σi,h

)
is combined with (A.52) or (A.53) to produce a single Gaussian measurement equation for the
state-space update. In multivariate form,
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R−1
i,h = V −1

i,h + (τ2i Σi,h)
−1, (A.54)

y?i,h = Ri,h

(
V −1
i,h ŷ′i,h + (τ2i Σi,h)

−1µ
(?)
h

)
, (A.55)

so that

y?i,h | βi,h ∼ N (βi,h, Ri,h). (A.56)

If shock pooling is not active, then y?i,h = ŷ′i,h and Ri,h = Vi,h.

Hence, for each unit i, the smoothed shock path is sampled from the linear Gaussian state-space
system

βi,0 ∼ N (mβ
i,0, C

β
i,0), (A.57)

βi,h = βi,h−1 + ηi,h, ηi,h ∼ N (0, ξ2Σα), h = 1, . . . , H, (A.58)

y?i,h | βi,h ∼ N (βi,h, Ri,h), h = 0, . . . , H. (A.59)

In the univariate version, Σα is replaced by diag(Σα). Conditional on the remaining coefficient rows,
the path {βi,h}Hh=0 is sampled by FFBS.

Full Conditional for ξ2.
If ξ2 ∼ Inv-Gamma(aξ, bξ) and ∆βi,h = βi,h − βi,h−1, then

ξ2 | {βi,h} ∼ Inv-Gamma
(
aξ +

NHn

2
, bξ +

1

2

N∑
i=1

H∑
h=1

∆β′
i,hΣ

−1
α ∆βi,h

)
, (A.60)

with Σ−1
α replaced by diag(Σα)

−1 in the univariate version.

A.8 Fixed Working Covariance Matrices

This subsection describes the fixed working covariance matrices used in the quasi-posterior updates.
These matrices are introduced for scaling and weighting within the Gaussian working specification;
they are not intended to represent the true serial dependence of local-projection forecast errors and
are not used as long-run variance estimators for inference.

For each unit i and horizon h, the working covariance matrix Σi,h is constructed from plug-in
regression residuals using the lag-0 covariance estimator

Σi,h =
1

Th
Û ′
i,hÛi,h, Ûi,h = Yi,h −Xi,hB̂i,h, (A.61)
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where B̂i,h is obtained from the initialization step. Once constructed, Σi,h is held fixed during
posterior simulation. Thus Σi,h is a fixed lag-0 working covariance matrix that governs how residual
variation is scaled across outcomes in the Gaussian update, but it is not interpreted as the true
covariance matrix of the local-projection forecast errors.

In implementation, Σi,h is symmetrized and regularized by a small ridge term to ensure numerical
stability. Two working specifications are allowed:

• Diagonal working covariance: Σi,h = diag(Σi,h), so scaling is applied outcome by outcome.

• Full working covariance: Σi,h is unrestricted, so scaling can also reflect contemporaneous
comovement across outcomes.

These working covariance matrices are used only inside the quasi-posterior updating steps. Misspecification-
robust inference is handled separately through the post hoc long-run variance estimators described
in the main text and in Appendix A.10.

The matrix Σα used in the optional smoothing of unit-level shock responses is constructed as
the average of Σi,h across all (i, h) and is then symmetrized and regularized to be positive definite.

The matrix Σµ used in the random-walk innovations for the latent benchmark path is a correlation-
normalized version of Σα:

Σµ = D−1ΣαD
−1, D = diag

(√
Σα(1, 1), . . . ,

√
Σα(n, n)

)
. (A.62)

This normalization removes scale differences across outcomes, so that benchmark smoothing is
governed by correlation structure rather than by the measurement units of the variables. The
resulting matrix is again regularized to be positive definite.

A.9 Posterior Simulation Algorithm

The matrices Σi,h are treated as fixed inputs throughout the MCMC. One iteration proceeds through
the following blocks, with some steps included only when the corresponding specification is active:

1. Optional smoothing of unit-level shock paths. If unit-level shock smoothing is active,
first update {Bi,h} conditional on the current state, then update the smoothed shock paths
{βi,h}Hh=0 under the RW1 prior in (A.50), and finally redraw {Bi,h} conditional on the updated
shock paths. If ξ2 is treated as random, update it from (A.60).

2. Update of {Bi,h}. If shock-path smoothing is not active, sample each Bi,h directly from the
full conditional in (A.18).

3. Update of {τ2i }. For each unit i, sample the unit-specific pooling variance τ2i from (A.22).
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4. Update of the latent benchmark path {µh}. If the latent benchmark is learned, update
{µh}Hh=0 by FFBS using (A.25)–(A.41). When benchmark smoothing is not imposed, this step
reduces to horizon-by-horizon Gaussian updating.

5. Update of σ2
µ. If benchmark smoothing is active and σ2

µ is treated as unknown, sample it
from (A.43).

6. Update of {λh}. Update zh = log λh using the conditional target in (A.48). If the RW1
prior on zh is active, update σ2

z from (A.49).

7. Optional update of ΣB. If the optional cross-row covariance block is used, sample ΣB from
(A.24). This step is not used in the empirical application.

Bridge to robust inference.
The MCMC blocks described above deliver the regularized quasi-posterior center and the associated
hierarchical latent states. Reported uncertainty for impulse responses is not taken from the
dispersion of this quasi-posterior. Instead, pointwise uncertainty is calibrated separately using the
misspecification-robust long-run variance procedures described in the main text. The resulting
reported intervals should be interpreted as pointwise misspecification-robust intervals around a
regularized center.

A.10 Asymptotic Justification for Pointwise Misspecification-Robust Inference
on the Regularized Panel Estimator

The reported estimators are obtained from a regularized Gaussian working model combining
Minnesota-type shrinkage and cross-sectional pooling.

In large samples with fixed cross-sectional dimension and horizon set, the regularization com-
ponents act as higher-order terms in the corresponding first-order conditions. As a result, the
reported regularized center behaves, to first order, like the unpenalized local-projection estimator
targeting the pseudo-true parameter under misspecification (cf. Müller, 2013).

This motivates the use of misspecification-robust long-run variance estimators applied to the
corresponding aggregate influence process for pointwise inference.

A formal asymptotic justification of the proposed regularized DK-style inference is currently being
developed and will be provided in a subsequent version.
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B Appendix Empirical Results and Robustness

B.1 Additional Empirical Results

This section complements the main empirical analysis and reports precision-weighted panel responses
as well as the heterogeneity measures. Furthermore, country-specific and regional, i.e. Core versus
Periphery, responses for industrial production, HICP inflation and unemployment are shown including
the difference plots, respectively.

B.1.1 Precision-weighted Panel Responses
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(c) Unemployment

Notes: Each panel shows the regularized panel point estimates and 68% pointwise misspecification-
robust intervals based on Driscoll–Kraay-style long-run variance calibration to a contractionary
monetary policy shock.

B.1.2 Heterogeneity Measures
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(a) Posterior densities of the country-specific pooling
variances τ2

i (log scale). Smaller values indicate stronger
shrinkage toward the common component, meaning that
the corresponding country’s inflation response is estimated
to be more coherent with the cross-sectional pattern cap-
tured by the panel benchmark.
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(b) Posterior mean precision weights used in constructing
the common inflation response. Weights are normalized
to sum to one and are proportional to the inverse pooling
variances 1/τ2

i . Countries with responses estimated to be
more coherent with the pooled component receive larger
weights.
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B.1.3 Country-specific Responses: Industrial Production
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Italy
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Notes: The left panel reports the country’s (black line) response of industrial production relative
to its leave-one-out benchmark (blue) after a contractionary monetary policy shock. Shown are
the regularized point estimates together with 68% pointwise misspecification-robust intervals. The
right panel shows the difference between the country’s and the LOO’s response, respectively. Again,
with the 68% pointwise misspecification-robust intervals.
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Country-specific Responses: HICP inflation
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Italy
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Notes: The left panel reports the country’s inflation response (black line) relative to its leave-one-
out benchmark (blue) after a contractionary monetary policy shock. Shown are the regularized
point estimates together with 68% pointwise misspecification-robust intervals. The right panel
shows the difference between the country’s and the LOO’s response, respectively. Again, with the
68% pointwise misspecification-robust intervals.
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Country-specific Responses: Unemployment

Austria
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Italy
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Notes: The left panel reports the country’s (black line) response of unemployment relative to its
leave-one-out benchmark (blue) after a contractionary monetary policy shock. Shown are the
regularized point estimates together with 68% pointwise misspecification-robust intervals. The
right panel shows the difference between the country’s and the LOO’s response, respectively. Again,
with the 68% pointwise misspecification-robust intervals.
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B.1.4 Regional Responses: Core versus Periphery
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Notes: The upper panels display the regularized subgroup point estimates (Core: Austria, France,
Germany, the Netherlands (blue); Periphery: Italy, Spain, Portugal, Greece (brown)) and 68%
pointwise misspecification-robust intervals based on Driscoll–Kraay-style long-run variance calibra-
tion after a contractionary monetary policy shock. The lower panels show the difference between
the Core and Periphery responses of the variables, respectively, after a contractionary monetary
policy shock together with the 68% pointwise misspecification-robust interval.
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