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Abstract

We develop a tractable methodology to investigate the macroeconomic implications of evolving
asymmetric risks within a dynamic general equilibrium model. Optimal monetary policy
requires the central bank to lean against the balance of inflation risks to mitigate the resulting
bias on inflation expectations. Using U.S. data, we show that inflation risks vary significantly
over time and are typically asymmetric. Using a quantitative general equilibrium model, we
evaluate the counterfactual dynamics of a monetary policy strategy in which the central bank
dynamically responds to real-time estimates of the balance of inflation risks.
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The pandemic and war have underscored the need for the risk management framework to take
full account of both upside and downside risks to inflation, as well as to the possibility that
serious tensions may arise between the objectives of price stability and employment or growth.

Gita Gopinath, Jackson Hole Symposium, August 26, 2022

1 Introduction

Recent global events, such as the COVID-19 pandemic, supply chain disruptions and rising
geopolitical tensions, have significantly amplified macroeconomic risks and heightened the likeli-
hood of future inflation spikes and dire consequences for growth. This new regime marks a sharp
departure from the pre-pandemic era, when macroeconomic risks were largely contained, and in-
flation frequently surprised to the downside. Concerns that these shifts in the balance of risks
could give rise to significant tensions between the objectives of price stability and full employment
—as emphasized by Gita Gopinath, First Deputy Managing Director of the International Mone-
tary Fund— have been widely discussed among policy makers and academics. In this paper, we
investigate how shifts in the balance of macroeconomic risks influence the economy and how the
central bank should respond.

We introduce a tractable methodology for analyzing how time-varying, asymmetric macroe-
conomic risks influence outcomes and optimal monetary policy in dynamic general equilibrium
models. The model features inefficient shocks whose moments evolve stochastically over time.
Agents are rational and fully aware of the distribution from which current shocks are drawn. They
receive news about the evolving skewness of the distribution, shaping their perception of macroeco-
nomic risks. These evolving perceptions create time-varying asymmetries in agents’ beliefs, which,
in turn, affect equilibrium outcomes and introduce an additional trade-off for the central bank.

In this model, we prove that optimal monetary policy requires central banks to actively coun-
teract inflation risks arising from the skewed distribution of shocks. This approach reflects the
need to counter the deanchoring of inflation expectations due to the asymmetric distribution of
markup shocks. When risks are skewed to the upside, inflation expectations may exceed the cen-
tral bank’s target. In such cases, the central bank should optimally tighten monetary policy more

aggressively than in the symmetric scenario to tame inflation expectations, which are elevated by



the increased likelihood of positive markup shocks in the coming periods. Conversely, a negative
balance of risks may lead to deflationary pressures, leading to the deanchoring of expectations in
the opposite direction. In this scenario, the central bank should ease monetary policy to stimulate
aggregate demand and raise inflation expectations, thereby countering the deflationary pressure
caused by the higher probability of negative markup shocks in the future.

For this normative prediction to be relevant in practice, there must be sufficient evidence that
shifts in the balance of inflation risks are a significant feature of the data and that changes in risk
asymmetry can be reliably tracked in real-time. Using data on U.S. core Personal Consumption
Expenditure (PCE) inflation, we find robust evidence supporting time-varying asymmetry in the
predictive distribution of inflation. Our analysis identifies statistically significant and frequent
shifts in the balance of inflation risks throughout the postwar period, often following persistent,
regime-like patterns. Incorporating time-varying skewness into inflation forecasts significantly
enhances out-of-sample accuracy compared to standard benchmark models (Stock and Watson,
2007), achieving predictive performance on par with the Survey of Professional Forecasters (SPF).

Lastly, we define and evaluate a novel monetary policy strategy, the Risk-Adjusted Inflation
Targeting (RAIT), within an estimated general equilibrium model (Smets and Wouters, 2007).
The RAIT calls for the central bank to dynamically adjust its policy stance and communication
to counter shifts in the balance of inflation risks. In the model, these adjustments are designed
to completely shelter inflation expectations from distortions caused by asymmetric inflation risks.
As a result, the RAIT ensures, by construction, that inflation expectations remain stable and
anchored at the central bank’s target in every period.

We compare the counterfactual dynamics of key macroeconomic variables under the RAIT to
those observed in the data. During the recent inflation surge, real-time estimates indicate that
inflation risks were heavily tilted to the upside. Under these conditions, the RAIT would have
recommended an earlier liftoff in interest rates, reaching a peak similar to that observed in the data
but slightly sooner. By early 2023, the RAIT would have called for a faster unwinding of the prior
monetary tightening. The model predicts that, under the RAIT, inflation would have declined

more quickly, reaching the Federal Reserve’s target by early 2023 and stabilizing thereafter. By



initiating monetary easing in early 2023, the RAIT would have also supported the labor market,
partially offsetting the effects of earlier tightening.

We compare the properties of the RAIT to those of Flexible Average Inflation Targeting (FAIT),
which was adopted by the Federal Reserve in 2020 to address deflationary risks, which were dom-
inant in the previous decade (Clarida, 2022). While FAIT relies on past inflation deviations from
the 2% inflation objective to determine the extent of overshooting, the RAIT relies on the central
bank’s dynamic assessment of the evolving balance of inflation risks. Consequently, the RAIT
offers greater flexibility in adapting to changes in the stochastic properties of inflation. This key
feature makes the RAIT more responsive than FAIT to sudden shifts in inflation skewness, such
as those observed at the onset of the COVID-19 pandemic and again in early 2023.

The decade preceding the COVID-19 pandemic was marked by persistently subdued inflation,
reflected in our model as a sustained shift toward negative inflation asymmetry. Despite this,
the remarkable stability of the macroeconomic environment resulted in fairly contained inflation
volatility. Against this backdrop, the RAIT would have recommended looking through the de-
flationary bias. This finding underscores RAIT’s priority on addressing the effects of unbalanced
inflation risks on expectations. These effects are muted when inflation volatility is low. In con-
trast, the FAIT would have required the Federal Reserve to promise overshooting the target to
compensate for past inflation misses.

Following Clarida et al. (1999); Woodford (2003); Gali (2008), we solve the optimal monetary
policy problem in a linear-quadratic framework where only the first-order effects of time-varying
asymmetric macroeconomic risks are relevant. While symmetric changes in risks are well-known to
have no first-order effects on equilibrium outcomes, asymmetric shifts in risks do, as they influence
agents’ expectations. Positive (negative) skewness increases (decreases) expectations by pulling the
mean toward the right (left) tail. Consequently, changes in the skewness of the shocks distribution
affect agents’ decisions at first order through their impact on expectations. In fact, expectations are
the only moment of agents’ beliefs that matters for optimal decisions in a linear model. Therefore,
first-order effects of asymmetric risks can be studied through the log-linear approximation of the

model around its steady-state equilibrium.



To conduct this analysis, we augment the model with zero-mean Gaussian anticipated markup
shocks that serve to tilt agents’ expectations of future shocks, consistent with the stochastic changes
to the skewness of their distribution. By design, these dummy anticipated shocks do not necessarily
materialize, resembling noise, sentiments, or shifts in pure beliefs. Hence, we call this framework
the beliefs representation of asymmetric risks.

While focusing on the first-order effects of asymmetric macroeconomic risks limits the number
of channels through which risks can influence equilibrium allocations and prices, we highlight two
main advantages. First, the linear-quadratic beliefs representation allows the characterization of
the solution to the optimal policy problem analytically and within a framework comparable to that
employed by the literature on optimal monetary policy under symmetric shocks (Clarida et al.,
1999; Woodford, 2003; Gali, 2008).

A second advantage is that the laws of motion in the beliefs representation are linear and all
shocks — i.e. the structural ones and the dummy anticipated ones — are Gaussian. Therefore, this
representation of the model can be solved with extremely fast and accurate off-the-shelf techniques.
This tractability greatly facilitates the analysis of real-time changes in the balance of inflation
risks and the study of policy counterfactuals within a quantitative dynamic general equilibrium
framework — e.g. models like those introduced by Christiano, Eichenbaum, and Evans (2005);
Smets and Wouters (2007).

Finally, it is important to emphasize that the proposed framework is general and can be inte-
grated with various methods for estimating skewness, not only the one adopted in this paper.

Our method can also be applied to investigate the macroeconomic effects of different sources
of risk skewness—such as trade risks, financial risks, climate risks, and technological disruptions.
All that is required is that the methodology be applied to a model featuring those shocks and the

relevant propagation channels.

Literature Review Our work contributes to the relatively sparse literature on risk manage-
ment approaches in monetary policy. Dolado et al. (2004) and Surico (2007) demonstrate that
asymmetric loss functions can lead to optimal policy rules incorporating nonlinear terms for infla-

tion and the output gap, reflecting policymakers’ asymmetric preferences. Kilian and Manganelli



(2008) highlight the importance of balancing upside and downside risks under an asymmetric loss
function, while Kilian and Manganelli (2007) measure inflation risks under time-varying symmetric
volatility. In these frameworks, central banks may target an average inflation rate different from
their stated target when the costs of undershooting and overshooting are asymmetric. This bias
disappears with a symmetric loss function. In this paper, we always assume that the loss function
is symmetric. Our key contribution is to show that when inflation risk is asymmetric, the optimal
response must account for the balance of risks, even under a symmetric target. Asymmetric in-
flation risk creates a divergence between the modal forecast and the expected inflation path, and
failure to address this divergence results in systematic deviations from the target on average.

Evans et al. (2020) prove that the ZLB requires a looser monetary policy under uncertainty,
leading to an optimal delay in policy liftoff. Moreover, they provide both narrative and statistical
evidence that the Federal Reserve has frequently employed risk management when setting the
policy rate. Bianchi et al. (2021) show that the deflationary bias caused by the risk of recurrently
hitting the ZLB constraint can be mitigated if the central bank adopts an asymmetric monetary
strategy. Such a strategy entails responding more strongly to inflation deviations below target
than to those above target.

Unlike these papers, our work examines the importance of the central bank responding to
changes in the balance of macroeconomic risks beyond those exclusively associated with the ZLB
constraint. Furthermore, none of these studies estimate time-varying asymmetric risks in the
data using a new forecasting model or demonstrate how such estimates can be integrated with a
quantitative structural model to explicitly analyze the implications of monetary policy strategies
that target inflation risks.

This paper examines the empirical implications of inflation-targeting measures and is therefore
connected to the longstanding literature on optimal inflation targeting (Giannoni and Woodford,
2004). By ensuring that the central bank’s mean inflation forecasts align with its policy objectives,
RAIT falls within the broader category of strategies studied by Svensson (1997), commonly known
as forecast inflation targeting. A key distinction from the existing literature lies in our framing

of the optimal monetary policy problem within a modeling environment where the balance of



macroeconomic risks evolves stochastically.! Another feature that sets our approach apart from
the academic literature on forecast inflation targeting is that we do not restrict the central bank to
optimally respond only to current and lagged predetermined variables. Instead, in our framework,
the central bank can respond to endogenous, forward-looking variables, explicitly accounting for
the two-way feedback between monetary policy reaction functions and rational agents’ beliefs.

Our paper is also related to the literature on inflation forecasting. This literature has largely
focused on the importance of accounting for slow-moving trends in the data and time-varying un-
certainty (see, e.g., Cogley and Sargent, 2005; Stock and Watson, 2007; Faust and Wright, 2013;
Ascari and Sbordone, 2014). Far less attention has been devoted to the risks of inflation or defla-
tion. Some recent exceptions include Andrade et al. (2014); Hilscher et al. (2022). Differently from
our approach, that only requires a single time series to extract predictive inflation distributions,
Andrade et al. (2014) rely on survey data to extract measures of time-varying perceived inflation
asymmetry and show that this has predictive power over future inflation. Hilscher et al. (2022)
introduces a methodology to extract market-based tail probabilities from options data. Their ap-
proach relies on the availability and involved manipulations of inflation derivatives data. However,
we find an high correlation between the predicted disaster probabilities with the same measures
extracted in real-time from our model.?

Only recently the attention has moved to the modeling of the whole density of inflation outcomes
(Manzan and Zerom, 2013, 2015; Korobilis et al., 2021; Lopez-Salido and Loria, 2024). Most of
the previous work rely on quantile regression approaches, popularized by Adrian et al. (2019) in
the context of quantify the effect of macro-financial risks on the distribution of future growth.
In contrast, we devise a parametric model for the whole density of US core PCE. The model
allows for asymmetric innovations, drawn from a Skew-t distribution (see Arellano-Valle et al.,
2005), and relies on the score-driven framework of Harvey (2013) and Creal et al. (2013) to set
up laws of motion for the parameters, as in Delle Monache et al. (2024). Following Stock and

Watson (2007), we allow time-varying moments to feature trend components, mainly driven by

1Svensson (2003) discusses how in practice central banks should implement its reaction function when macroe-
conomic risks are unbalanced, reviewing and critiquing certain practices—such as the Bank of England’s decision
to display the mode rather than the mean in fan charts for output and inflation.

2Disaster probabilities are defined as the probability of inflation being above 4% and 5% over the next ten years.



structural policies, in line with Cogley and Sbordone (2008) and Ascari and Sbordone (2014), and
cyclical variations, aimed at capturing transitory, short-lived factors that can temporarily affect
price dynamics (“cost-push” and demand forces, as in Gordon, 1970; Blanchard and Bernanke,
2023).

Two recent papers are directly related to our empirical contribution. First, Le Bihan et al.
(2024) introduces a new real-time measure of underlying inflation that incorporates time-varying
changes in asymmetric risks to the inflation outlook. Their indicator is based on a multivariate
regime-switching framework, jointly estimated using disaggregated sub-components of the Euro
Area’s harmonized index of consumer prices (HICP). Second, Lopez-Salido and Loria (2024) doc-
ument substantial variability in the tails of inflation, and relates their dynamics to deteriorating
financial conditions and macroeconomic factors. Both papers employ sample periods that are
shorter than ours and do not cover the earlier episode of persistently elevated inflation in the
1970s. Moreover, whereas Lopez-Salido and Loria (2024) related their findings about tail dynam-
ics to the model of Gertler et al. (2020), none of the two contributions explore the implications of

asymmetric inflation risks for optimal monetary policy through the lens of DSGE models.

Structure The remainder of the paper is organized as follows. In Section 3, we characterize
the optimal monetary policy within a New-Keynesian model featuring asymmetric macroeconomic
risks. To solve this problem, we show how to obtain the beliefs representation of a model with
asymmetric risks. We then estimate the skewness of US inflation in real-time using an econometric
model Section 4. In Section 5 we calibrate the beliefs representation of a quantitative DSGE
model to match the estimates of the balance of inflation risks coming for the econometric model

and conduct a number of counterfactual exercises. In Section 6, we conclude.

2 Theoretical Framework

In this section, we highlight how shifts in the asymmetry of future macroeconomic risks influence
equilibrium outcomes within a linear general equilibrium framework. We prove that changes in the

perception of asymmetric risk can be interpreted as revisions in agents’ beliefs about the future



distribution of shocks. The complete proof of this result, along with supporting claims, is provided
in Appendix A. In this section, we prove two propositions showing that a linearized model in which
agents receive signals about the likely evolution of the skewness of the shock distribution can be
recast as a linear rational expectations model with news shocks. As a result, it can be solved using

standard methods, such as Gensys.

2.1 Shifting asymmetries in linear general equilibrium models

Linearized rational expectations general equilibrium models, widely used in theoretical and

empirical macroeconomic research, can be expressed as follows:?

Aozt = A.fEtZtJrl + AbZt,1 + BSG%g + baE?. (1)

where z; collect endogenous and exogenous variables, the operator E; denotes rational expectations
conditional on the information set available at time ¢, which, as we will describe, contains the
history of all the shocks. The vectors of i.i.d. disturbances are denoted by €} and €. The former
includes all the symmetric shocks, e.g., normally distributed, whereas the latter is a possibly
asymmetric shock with distribution f(u,, 04, 04), where u, denotes the mode, o, the scale, and
0, an asymmetry parameter that measures the degree of skewness.? For g, > 0 (0, < 0), the
distribution f is positively (negatively) skewed, while g, = 0 implies symmetry. Asymmetric risk
implies that the probability mass around the mode is unevenly distributed: risks are skewed to the
downside (upside) when outcomes below (above) p are more likely than those above (below) it.”
For ease of exposition, we focus on the family of two-piece distributions, introduced by Fechner
(1897), which includes a large set of univariate skewed distributions (see, e.g., Fernandez and Steel,
1998; Arellano-Valle et al., 2005). These distributions are flexible and convenient, making them
widely used in finance, econometrics, and various other fields such as environmental and econology

studies and engineering, for modeling asymmetric risks surrounding future events. In this class of

3In Appendix A.1, we derive the following log-linear system as a first-order Taylor expansion around the steady
state of the full nonlinear model with skewed shocks.

4While we focus on the case with a single source of asymmetric risk, extending the analysis to multiple indepen-
dent asymmetric shocks is straightforward and does not alter the underlying intuition.

SLet r = f:o fdx/ [" fdx be the ratio of probability mass right and left of the mode. Then, o = :_T_i € (-1,1).
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distributions, the wedge between the expected value, Ef, and the mode p, (the mean-mode wedge,
for short), depends on the linear mapping Ef = pu, + »#0,0,, with 3¢ > 0. The exact definition of

2 depends on the specific functional form of the skewed distribution.®

Time-varying asymmetric risk. A distinctive feature of our analysis is the assumption that
the asymmetry parameter of the distribution f, denoted g,;, varies over time. This means the
economy can shift between periods of upside and downside risk, with the severity of each episode
changing over time. We assume that the asymmetry parameter follows a stationary zero-mean
process (E(0q:) = 0), an assumption that we will relax in the empirical part of the paper. For
simplicity in presenting the theoretical model, the other parameters—mode (1,) and scale (o,)—
are held constant, with the mode to be set equal to zero. These restrictions can be relaxed,
but doing so would complicate the analysis, which in this part of the paper is purely theoretical
and intended to provide a tractable framework for studying the effects of asymmetry on optimal
monetary policy within a linear-quadratic framework.” In the empirical analysis, we will jointly
estimate the evolution of the three parameters of the predictive distribution of inflation in the

data.

Agents beliefs. Agents are rational and perfectly informed. This means that they know the
parameters in Equation (1), the shocks distributions, including the mode p and the scale, o, and
the history of the realized shocks, including the past and current realizations of the asymmetry of
the distribution f.

Agents receive news about the future evolution of the distribution’s asymmetry, g,¢, as this
is the stochastic parameter driving the mean-mode wedge. Specifically, in every period ¢, agents
receive a set of noisy signals about the future evolution of the asymmetry parameter over the next
J > 0 periods. At every horizon j € {1, ..., J} agents observe the signal s{ = Qat+j + 771{7 where 171{

denote the zero-mean noise orthogonal to the future realizations of the asymmetric parameter.

SFor the Skewed-Normal distribution, s = /2/7. In contrast, for the Skewed-t distribution—used to charac-
terize inflation skewness in the following sections—s¢ depends on the degrees of freedom of the distribution (see,
e.g., Arellano-Valle et al., 2005). Intuitively, when the distribution has fat (thin) tails, the effect of skewed risk on
expected outcomes becomes larger (smaller).

"The mode may change stochastically. Provided that these changes do not offset the effects of skewness on the
expected value of the shocks, the main conclusions of this section remain materially unaffected.



Rational agents solve the signal extraction problem, updating expectations about the asym-

metry parameter j periods ahead. These updates are always iid, and are denoted as Qi}t =

Ey Qat+j — E, Oat+j-

Model dynamics, forecasts, and central scenarios. As a consequence of the certainty equiv-

alence in a linear setting, only expectations matter for the first-order solution of the model.

Proposition 1. The solution of the linear rational expectations model with time-varying skewness

in Equation (1) reads:

7, = ©12,1 + O [€] 6?]/ + 0, Z @i"il@ZEEtE?ﬂ" (2)

J=1

where Z is a selection vector, and the matrices ©¢, 1, ©,, and O, are functions of Ay, Ay, Ay,

B, and b,.
Proof. See Appendix A.2. n

Proposition 1 establishes that anticipated changes in the asymmetry parameter of future shock
distributions, 0,4, affect equilibrium outcomes as they lead agents to revise their expectations
about the future realizations of the shocks Fie, ;.

The third term on the right-hand side of Equation (2) captures the role of agents’ beliefs about
the evolution of asymmetry, which depend on the noisy signals agents receive. If the signals are not
informative of the asymmetry of future shocks €/, ;, or if the news leads to the belief that shocks
will be drawn from symmetric distributions (Eyo; = 0 for all j € 1,...,J), then the expected
value of future asymmetric shocks is zero, and the third term on the right-hand side of Equation (2)
drops out. Thus, the matrices in that term capture how anticipated asymmetry in the distribution
of future shocks tilts agents’ forecast, z;1;, away from the central—or modal—forecast.

If agents did not receive informative signals about the evolution of the asymmetry in €%, or
if they believed that future shocks would be drawn from symmetric distributions, Equation (2)

simplifies to the familiar solution: z, = @1z, 1 + O [€7 ¢7]'.®

8The matrices ©¢, O, ©,, and ©, can be easily computed using off-the-shelf linear rational expectations
solvers, such as the Gensys routine introduced by Sims (2002).
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Proposition 1 also highlights that the central or modal forecast of the state variables, z;.;,
formed at time ¢, is given by z:y; = G){zt. Yet, this expression coincides with the expected
value only in the absence of anticipated skewed risk. When asymmetry is expected over the
forecast horizon, the expected outcomes diverge from the modal forecast due to the influence of

risk perceptions on agents’ expectations.

First-order effects of expected changes in asymmetry. An important implication of mod-
eling asymmetric shocks using a two-piece distribution is that expected changes in the asymmetry
parameter of j-period-ahead shocks, F;g, .+, affect equilibrium outcomes only through their im-
pact on the expected value of future shocks, Eyef, ;. Specifically, these effects on expectations are
given by

Eteg_;,_j = %UaEtQa,t—i-j' (3)

The model solution in Equation (2), together with Equation (3), makes clear how changes in
the expected asymmetry of future risks influence macroeconomic dynamics.

Revisions in the asymmetry parameter lead to corresponding revisions in expectations about
future shocks, i.e., Eiel ; — Eraef; = %aagit. Thus, even if the most likely outcome remains
unchanged, a shift in the balance of risks prompts an immediate adjustment in current equilibrium

allocations and expectations:

Eyzyn, — Ev 120, = M(7, h)”ﬂz@i,ta h >0, (4)

where M(j, h) is a convolution of the system matrices in Equation (2).°

2.2 Beliefs representation

We now show that, to a first-order approximation, a model with asymmetric risks can be
equivalently represented as one with symmetric, zero-mean shocks, augmented by additional beliefs
shocks. These belief shocks capture revisions to agents’ expectations following the arrival of the

signals. We refer to this formulation as the model’s beliefs representation.

9See Appendix A.3 for detailed derivations.
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This representation preserves the linearized equilibrium laws of motion that characterize the
dynamics of the original model with asymmetric risks. The only point of departure is the intro-
duction of dummy surprise and anticipated shocks that encode belief-driven distortions.

In the beliefs representation, define the asymmetric shock as the sum of past news shocks and

current shock:
J
€ = Z SOZz,tfjv (5)
j=0

where go{ denotes the dummy beliefs shocks.
The following proposition provides the restrictions on the stochastic process of the dummy
beliefs shocks ensuring that the beliefs representation is equivalent to the actual model with time-

varying asymmetry.

Proposition 2. The equilibrium dynamics of the beliefs representation are identical to the ones
of the actual economy—shown in Equation (2)— if the following two conditions hold: (i) The
dummy anticipated shocks @i,t match the revisions in expectations reqarding the asymmetry of the
distribution of future shocks at each horizon. That is, for all j € 1,...,J, the following condition

must hold:

Jo_ _ _ j
Yy = Etea,t—f—j - Et—lﬁa,t+j = M0, (EtQa,t+j - Et—19a7t+j) = H0a0q 4, (6)

where Qf#t denotes agents’ revision in expectations regarding the asymmetry parameter after observ-
g the signal, s{, associated with horizon j in the actual model. (ii) The surprise dummy shock

must satisfy the following condition in every period t

QO? = €at — Z @{—j' (7)

Proof. As shown in Equation (3), changes in the expected evolution of the asymmetry affect equi-
librium outcomes only through their impact on expectations about the future realization of shocks.
Condition (7) ensures that the dummy belief shocks replicate the same impact of anticipated asym-

metry on the expectations of future shocks, Eie, ;. Condition (ii) ensures that the realization

12



of the shock €, exactly matches that in the actual economy in every period. Together, these two
conditions guarantee that the beliefs representation replicates the actual economy exactly—both
in terms of structure, realizations of shocks, and expectations about the future realizations of
asymmetric shocks in every period. As a result, its equilibrium outcomes satisfy Equation (2) in

Proposition 1. Detailed derivations are available in Appendix A.4 n

Establishing that the beliefs representation is indeed a representation of the economy with
time-varying asymmetry of shocks is a key result. This is because the beliefs representation can
be solved using off-the-shelf, highly efficient solution techniques such as Gensys. Consequently,
once the beliefs representation is solved, it becomes straightforward to derive the matrices that
determine the equilibrium laws of motion of the actual economy, as given by Equation (2).

It is worth emphasizing that the applicability of standard solution techniques for linear rational
expectations models remains valid even when the underlying signal extraction problem is highly
complex and may lead to non-Gaussian revisions to expectations about future shocks. In fact, these
solvers typically do not require specifying the stochastic process of the shocks, beyond assuming
that they are i.i.d. and mean zero—a condition that is not restrictive in most cases.

These shocks are i.i.d. because their stochastic process is tied to the process generating revisions
in expectations about the asymmetry of future shock distributions, as shown in Proposition 2. In
any rational expectations model, revisions to expectations about future shocks or variables are
unpredictable and thus follow i.i.d. processes.

The beliefs representation can be used to study environments where agents receive informa-
tion about future risk, conveyed more generally through changes in the scale and asymmetry of
shock distributions. To a first-order approximation, anticipated changes in either parameter affect
allocations by shifting the expected value of future shocks—thus preserving the relevance of the
beliefs-based approach.

As shown in Equation (3), the effect of asymmetry depends on the scale of the distribution: a
given shift in skewness has a larger impact on expectations when uncertainty is high (i.e., when o,
is large). Likewise, changes in overall uncertainty influence average outcomes if the distribution is

skewed, even when the asymmetry itself is unchanged. In such cases, the direction and magnitude
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of the effect depend on the sign of the skew.
In the next sections, we apply this framework to analyze how shifts in perceived risk should

inform the conduct of monetary policy.

3 Optimal monetary policy with asymmetric risks

In this section, we examine the implications of time-varying asymmetric macroeconomic risk for
optimal monetary policy within a standard New Keynesian model with sticky prices. We begin by
reviewing the well-known case of optimal policy in a linear-quadratic framework under symmetric
risk, as presented in Gali (2008, Chapter 3 and 5). We then extend the analysis to account for
shifts in asymmetric risk, using the tools developed in the previous section. Detailed derivations

are provided in Appendix B.

3.1 The case of symmetric risks

Let us assume that the central bank can fully commit, with complete credibility, to a policy plan
by selecting a state-contingent sequence of inflation deviations from its target and output gaps,
{7, 2 }5°,, S0 as to maximize the quadratic approximation of the household’s utility function,!
%EO S ooy B8 (77 + a,@7), subject to the sequence of constraints given by the Phillips curve, 7, =
BE;mii1 + K3y + u;. We further assume that the cost-push shock follows u; ~ i.i.d. N(0,0,). As a
result, future uncertainty is governed by a symmetric, time-invariant distribution determined by

the properties of the shock process.

It is easy to show that the following optimality condition must hold:

N K _
Ty = ——DPts (8>

xT

where p; = p; — p_1 is the cumulative inflation rate over period 0 through period ¢. p; denotes the

10A]] variables are expressed in log-deviations from their steady-state value. The objective function is the
quadratic approximation of the household’s standard utility function — shown in Appendix B — and the weight
on the output gap is a,, = K/e, where e denotes the elasticity of substitution between differentiated goods produced
by monopolistically competitive firms and s denotes the slope of the Phillips curve.
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log of the price level at time ¢t and p_; is the implicit target given by the price level prevailing one
period before the optimal plan is chosen by the central bank. This optimality condition can be
interpreted as a targeting rule that the central bank is required to follow in every period in order
to implement the optimal policy. Under the optimal policy, the central bank sets the sign and the
size of the output gap in proportion to the deviations of the price level from its implicit target.

Under the optimal policy, the price level evolves according to

Pt = NPt—1 + A, (9)

and the corresponding optimal monetary policy rule is given by

= —(1—17) [1 - ai] B, (10)

where o is the inverse of the household’s intertemporal elasticity of substitution, and 1 and X\ are

functions of the structural parameters of the model.

3.2 The case of asymmetric risks

Let us now consider the case where the stochastic process driving the cost-push shock is
no longer symmetric. Specifically, assume that the shocks follow @; ~ i.i.d.f(0, 0y, 04+), Where
f(0, 0w, 0u+) denotes a general unimodal distribution centered at zero but asymmetric when g, ; # 0.
In this setting, the perceived risk associated with the distribution evolves over time as agents up-
date their views about the balance of upside and downside risks. As a result, the expected value
of future shocks reflects these changes in perceived asymmetry. While the mode—the most likely
outcome—remains at zero, the mean shifts with the asymmetry, so that Eit,,; = 50, E0y 4+ ;.

To simplify the characterization of optimal monetary policy, we assume that agents receive
news about the skewness of the distribution only up to J = 1 period ahead. Beyond that, they
assume all risk is symmetric. In this environment, at time ¢, agents observe the current realization
and form expectations about future realizations of the shocks based on their current perception of

the skewness of risk. This implies Eytiy1 = 20, E;0y¢41, While Fytiyy; = 0 for all j > 1. Moreover,
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SINCE 0y 41 = gg,m + Qi,tv and assuming agents do not anticipate further revisions in perceived
asymmetry (i.e., Etgg’t+1 = 0), it follows that Eyli = 20,0y, where 0, , = Ey0y141 — Et_10u141.
Expectations of future shocks therefore reflect the latest update in perceived risk asymmetry.
This information structure can be equivalently represented by introducing a tilt in agents’
beliefs—that is, by assuming F;(U;11) = ¢t 141, where beliefs evolve over time according to ¢y 41 =
@ + ¢y, Setting ¢} = 0,0, ,, and imposing the restriction ¢ = —¢; ;, ensures that belief
revisions replicate the impact of changes in perceived asymmetry on the expected value of the shock,
while leaving the actual realization unaffected. In other words, prior beliefs need not materialize
and may turn out to be ex post noise. We then have that, up to a first-order approximation, the
dynamics of a model with evolving perceptions of asymmetric risk can be equivalently represented

by a model with symmetric shocks and belief distortions captured by dummy surprises.

Optimal monetary policy under time-varying asymmetric macroeconomic risks. In
the beliefs representation, the optimal policy and the equilibrium dynamics of the price level and

the output gap under this policy can be characterized analytically and read as follows:!!

Dt = NPt—1 + Aug + QP%»

Ty =Nl — ozi [/\Ut + C‘PH .

T

Note that, in this linearized model, macroeconomic risks introduce a wedge in agents’ expectations
relative to the modal scenario (i.e., agents’ expectations in the symmetric case). Consequently, the
equilibrium dynamics of prices and the output gap are shifted upward or downward, depending on
the direction of revision in the skewness of risks (as ¢; o< g, ,).

Therefore, the optimal policy requires the central bank to respond to the effects of the changing

balance of macroeconomic risks on agents’ expectations. The optimal interest rate rule is:

=—(1—7) [1—0£] P+ {1—05] Aol (11)

x x

HDetailed derivations are provided in Appendix B.

16



where the first term on the right-hand side represents the optimal rule under symmetry, and the
second captures the policy rate adjustment required to offset the effects of the balance of risks on

agents’ expectations.

3.3 The case of asymmetric risks with an unwitting central bank

Having established the optimal monetary policy response under full awareness of future risk
asymmetries, we now explore the implications of a setting in which the central bank mistakenly
assumes that macroeconomic risks are balanced. In this framework, the central bank fails to
internalize the asymmetry in macroeconomic shocks, even though private agents correctly perceive
and respond to such risks.

In this case, the central bank targets a price level consistent with the assumption that shocks are
symmetrically distributed—conditional on the previous period’s price level. It selects the output

gap T; according to the rule:

B = ——p;, (12)
x

where p; = pi — p_; and p; is the price level the central bank believes it should target under
the mistaken belief of symmetry. This target evolves as: pj = np—1 + Auy. Importantly, the
central bank’s target under asymmetric risk differs slightly from the fully symmetric benchmark.
In this setting, policy is based solely on the previous period’s equilibrium price level, p;_1, without
attempting to revise or offset past errors. As a result, deviations between actual and perceived

past price levels are not corrected—‘bygones are bygones.”
Ultimately, the central bank forms its policy under a misperception: it responds to deviations in
a price level p; that it believes is attainable, even though it is not, due to agents’ responses to shifts
in perceived risk asymmetry. Comparing this misinformed policy rule with the full-information
benchmark (Equation (8)) reveals that the output gap is incorrectly determined. It is tied to

a price level target that cannot be achieved, and attempts to reach it ultimately lead to larger

deviations in both the output gap and the price level.
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3.4 A illustrative example

We illustrate the role of optimal monetary policy in the presence of asymmetric risks using a
simple example. We assume the economy is initially at the non-risky steady state. In period 1,
agents learn that the distribution of cost-push shocks will be positively skewed in period 2. This
upside risk is captured by a dummy anticipated shock ¢} = 0.8. A positive cost-push shock then
materializes in period 2, we assume €} = 0.8, while all other periods feature symmetric shocks
with zero mean.

Figure 1 presents the simulation results.!? The black solid line shows the benchmark case with
symmetric risks (¢; = 0), while the blue line reflects optimal policy under asymmetric risk. The
red line shows the outcome when the central bank ignores the asymmetry. The green line in the
bottom-right panel shows the evolution of agents’ expectations, captured by ¢}, which spikes only
in period 1, consistent with the temporary asymmetry in period 2.

A comparison of the blue and red lines reveals the implications of accounting—or failing to
account—for asymmetric risks. In period 1, the unwitting central bank follows the same policy as
under symmetry, targeting a price level that is ultimately unattainable due to agents’ expectations
of increasing inflation. As a result, equilibrium inflation overshoots the target and is larger than
what would be achieved with the optimal response to a shift in risk (bottom-left panel).

By contrast, a central bank that accounts for inflationary risk adjusts policy preemptively. It
lowers the output gap and increases the price level in period 1 to offset the effects of a positive
shock expected in period 2. The difference between the optimal and suboptimal policies in period
1 (blue vs. red line) reflects this forward-looking response. In period 2 and beyond, since risk
returns to symmetry, both policies coincide, but the effects of the asymmetric shock persist due to
the path dependency introduced by the central bank’s commitment.

In summary, when risks are skewed, optimal policy must lean against the direction of asymme-
try. Positive skewness in inflation risk calls for a policy stance that reduces inflation expectations
and tolerates an output contraction. If risks were skewed to the downside, the central bank would

instead overheat the economy. Finally, symmetric risk delivers higher welfare, highlighting the

12Model parameters follow Gali (2008, Chapter 3) and are reported in Appendix B.
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Figure 1: Optimal monetary policy under symmetric and asymmetric macroeconomic risks.

Note: The panels report the macroeconomic effects of a cost-push shocks drawn from a symmetric distribution
(black) and from an asymmetric distribution (blue) under optimal monetary policy. The shock hits the economy in
period 2, which is the only period when its distribution is assumed to be positively skewed. The red line denotes the
counterfactual case where risks are asymmetric but the central bank does not take that into account when solving
the optimal monetary policy problem. The lower right panel shows the cost-push shock, u;, as well as the skewness
(1), in green. In the lower left panel, red stars denote the price targeted by the central bank that overlooks the
unbalance of risks, pj.

challenges that asymmetric risks pose for monetary policy.

4 An econometric framework for inflation risk

In the previous sections we established that changes in the asymmetry of inflation risk warrant
a response from the central bank. We now propose a time series model that allows to estimate
the time variation of the full predictive density of inflation in real-time. The model we propose
inherits many features of common unobserved components specifications (along the lines of Stock

and Watson, 2007), but adds the flexibility of allowing for skewness in the predictive distributions.
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4.1 Model specification

Let m; = 400log(p:/pi—1) denote the annualized, quarter-on-quarter (core) PCE inflation rate,
and assume that at each point in time the distribution of 7; can be characterized by a Skew-t

(Skt) distribution with time-varying location (1), scale (oy), and shape (9;) parameters:

Ty ~ Sktl/(#tyatz?Qt)? (13)

where v denotes the, time invariant, degrees of freedom. The degree of the asymmetry is risk is
captured by the parameter g, € (—1,1). The distribution of inflation realizations is positively
(negatively) skewed for g; > 0 (g; < 0) and the underlying right- and left-risk around the central
scenario (mode), y;, can be retrieved as o4(1— ;) and o4(1+ ;). This specification allows as special
cases: (i) the symmetric Student-t distribution when g, = 0, (i) the epsilon-Skew-Gaussian for
v — 00, and (74) the Gaussian density when both conditions hold jointly. Thus, we allow for, but
do not impose, asymmetric innovation terms.

Following a long tradition in modeling the stochastic properties of inflation (see e.g., Cogley,
2002; Stock and Watson, 2007; Faust and Wright, 2013), we treat the time-varying parameters as
unobserved components that can be learned in real-time from the variation in the data. Unlike
Stock and Watson (2007), we opt for an observation-driven updating process.'® Specifically, let
0, = log(oy) and 7, = arctanh(g,), we postulate that each element f;; of f; = (u,0s, )" features a

permanent and transitory component: f;; = f;; + fit, which evolve as'*

ﬁ',t = fi,t—l + a;S; 1, (14)

fir = Gifiz1 + bisiz1. (15)

Updates of the time-varying parameters are proportional to s;;_1, which is the scaled score of the

13In an observation-driven model, current parameters are deterministic functions of lagged dependent variables as
well as contemporaneous and lagged exogenous variables. In parameter-driven models, parameters vary over time
as dynamic processes with idiosyncratic innovations. See Cox (1981).

4 Measures of model fit (see, e.g., Newton and Raftery, 1994; Spiegelhalter et al., 2002) favors the permanent-
transitory decomposition over specifications which only features transitory components.
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Figure 2: Parameter updating

Note: Note: The panels report the scaled scores for different values of the standardized prediction error (; = £t

We consider the Gaussian case (black), the symmetric Skts(u, 0¢,0) (orange), and negatively (green) and positivglty"
(blue) Skts(ue, o, 0t).
conditional distribution (as in Creal et al., 2013; Harvey, 2013).1

Intuitively, the score vector translates the new information contained in the latest data release,
summarized by the prediction error, e, = m — 4, into an update for the time-varying parameters
characterizing the predictive distribution of inflation; learning rates, a; and b;, regulate the strength
of the updates.'® We illustrate the updating mechanism in Figure 2.

Consider a symmetric Gaussian environment (black lines), where v — oo and g; = 0 in every
period. The location and scale parameters —which now represent the mean and standard deviation
of the distribution— update in line with standard Kalman filter learning (see, e.g., Cogley, 2002).
Updates of the mean are proportional to the prediction error, with strength inversely proportional
to the variability of the data, and the volatility is updated proportional to the difference between
the variability of the prediction error and the expected variability of the inflation process. Allowing
for fat tails makes the updating mechanism robust to large, unanticipated prediction errors (orange

lines; see. e.g., Delle Monache and Petrella, 2017; Antolin-Diaz et al., 2024) When asymmetry is

15The scaled score vector, s; = (S.t, Sots Sot) , is defined as s; = 8;Vy, where V, is the gradient of the likelihood
function with respect to the dynamic parameters; the scaling matrix S; is proportional to the inverse of the diagonal
of the Information matrix, Z; = E'[VV’]. Updates driven by the scaled score are (generally) guaranteed to reduce the
distance between the conditional and the true (unobserved) predictive distribution, easily allowing for non-Gaussian
features. See Blasques et al. (2015, 2022)

16 Appendix C we provide detailed derivations for the score and updates of the time-varying parameters of the
model (see also Delle Monache et al., 2024).
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introduced, the updating mechanism weights prediction errors differently, depending on their sign.
For example, when the conditional distribution is left skewed (green lines), parameters react more
to unexpected positive news, rather than to negative prediction errors, which are expected to
be more likely to occur. Consistently with this mechanism, large deviations of inflation from
the expected central scenario imply updates of the asymmetry parameter in the direction of the
prediction error.

The parameters of the model and the associated conditional distribution of inflation are esti-
mated using Bayesian methods as in Delle Monache et al. (2024); refer to Appendix C for additional
details. An extensive Monte Carlo exercise, reported in Appendix D, demonstrates that the pro-
cedure detects skewness only when it is present and remains robust to (changing) correlations

between location and scale.

Expected value under asymmetry A defining feature of any skew-distribution, p(m|uy, o, 0s, V),
is the fact that asymmetry directly affects the first moment of the distribution. Specifically, in the

case of the Skew-t distribution in Equation (13), one can show that Vh > 0

Eymipn = / WP(W|Mt+h,Ut+haQt+h7’/)d777
R

= firn + 9(V)OtnOrin (16)
—_————
wt+h
where g(v) = %_(1”). Therefore, the expected value can be represented as the sum of the mode and

a component, Y., that is a function of the asymmetry parameter. That is, asymmetry creates
a wedge between the central scenario, e.g., the mode, and the expected value. This wedge has
the same sign of the prevalent asymmetry and is quantitatively more relevant as the distribution
becomes more dispersed, as Mg—;m >0, Vt.

De Polis (2024) provides detailed derivations and closed forms for the variance and skewness
of the Skew-t model. The variance depends on o; and p; but is independent of the sign of risk

asymmetry, whereas skewness depends solely on p;. As a result, procyclical variations in infla-

tion skewness lead to a time-varying correlation between the mean and volatility of the process.
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Figure 3: Time-varying skewness of Core PCE inflation

Note: The panels report mean, volatility and skewness of US core PCE. Blue lines represent total moments, red
lines correspond to long-run components only. Bands report 68 and 96% credible intervals. Gray shaded areas
represent NBER recessions.
When risk is skewed to the upside, an increase in risk corresponds to rising inflation expectations.
Conversely, when risk is negatively skewed, an increase in risk results in a decline in expected
inflation.

This decomposition in provides a useful tool to calibrate the asymmetry of economic shocks.
In Section 5, we will exploit Equation (16) and the belief representation introduced in Section 2 to

introduce asymmetry in the shocks of a quantitative DSGE to understand the optimal monetary

policy response when inflation risks is skewed.

4.2 Asymmetric inflation risk

The estimated model offers novel insights into the time-varying stochastic properties of the
inflation process. Estimates of the time-varying mean and volatility of US core PCE are broadly
in line with measures obtained within the Stock and Watson (2007, 2016) framework.!”

Figure 3 displays the estimated time-varying skewness. We report in black the total moment

(e.g., computed using the total parameters, f, = f, + ft), whereas the persistent components

17See Appendix E.

23



(labeled as "Long-run and computed setting f, = f;) is in green. The estimates show moderate
negative skewness in the 1960s, with increasing upside risks from the late 1960s, peaking in the
late 1970s, and then declining from the early 1980s. Upside risks persist until the mid-1990s, when
the skew shifts to negative. Downside risk dominates until the post-COVID inflationary episode,
except for the period before the GFC, where risks are balanced. The model captures a marked
increase in negative skewness during the pandemic, followed by a rapid rise in upside risk. By the
end of 2020, substantial upside risks emerge, reaching levels comparable to those seen during the
Great Inflation of the 1970s by mid-2021.

Notably, the estimated skewness during the latest inflationary episode closely resembles in
magnitude the environment of the mid-1970s, while the low and stable inflation period before
COVID mirrored the stable inflation era of the 1960s. It is worth noticing that, contrary to
the mean, where the transitory components remains highly persistent, skewness shows far less
transitory deviations. This is due to a lower estimate for the autocorrelation of the transitory
component of asymmetry compared to that of the location, but also to smaller learning rates,

which make the former less sensitive to noisy prediction errors.!®

4.3 Skewness predictability and out-of-sample performance

Whereas more is known about inflation’s time-varying mean and variance (see, e.g., Stock and
Watson, 2007), our model provides novel insights into the dynamics of inflation skewness. The top
panel of figure Figure 4 (a) reports the correlation over time between the data-based 5-year rolling
quantile skewness (gs;) and the asymmetry parameter, g;;'° the bottom panel compares 5-year
rolling sample skewness, ss;, against the model-based conditional skewness, labeled s;. Although
measures exhibit similar patterns, ss; is noticeably noisier due to its sensitivity to individual
observations. On the other hand, model-based skewness estimates are less influenced by extreme
values, due to a more robust updating mechanism.

Although rolling measures of sample skewness can be easily computed from raw data, rolling

18See Table F4 in Appendix F.
9Broadly speaking, this measures the degree of asymmetry in the probability mass on the right and left to the
mode. As such this is directly comparable to our asymmetry parameter p; in our model.
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Figure 4: Model-based vs rolling measures of skewness

Note: The figure reports (a) time series and (b) cross correlations between data-based and model-based measures
of inflation skewness. Data-based measures are 5-year rolling quantile skewness (gs;) and 5-year rolling sample
skewness (ss;). Model-based measures are the asymmetry parameter (g;) and the conditional skewness, s;.
window estimators face a trade-off between estimation accuracy and sensitivity to time variation.
Larger look-back windows enhance the precision of third-moment estimates by reducing the impact
of isolated outliers but compromise the ability to detect and respond to changes in real time.
Moreover, rolling estimates assume constant skewness within the sample window, causing them to
adjust slowly, particularly during periods of significant inflation shifts—a critical drawback for real-
time risk assessment. In contrast, our approach applies a one-sided discounting of past observations
when estimating the model’s time-varying parameters. This method delivers timely measures of
inflation’s evolving moments while maintaining robustness and minimizing noise in the estimates.
While all measures generally align in capturing underlying risk and its evolution, Figure 4 (b) shows
the cross-correlation between data-based measures of skewness and lags of model-based estimates.
Our skewness estimates respond to changes in inflation more quickly, leading the rolling measures
by an average of two quarters —a clear advantage for real-time monitoring of inflation risk.
Appendix E extends the analysis to alternative measures of inflation, examining inflation rates
derived from headline PCE, core and headline CPI, and the GDP deflator. Time-varying asym-
metry in risk emerges as a robust feature of inflation, regardless of the specific price index used.

Periods of upside or downside skewed risk tend to align across these indicators. Notably, core
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Table 1: Out-of-sample comparison

h=1 h=2 h=3 h=4 h=28

MSFE 0.835 0.854 0.861 0.859 0.951
(0.016)  (0.021)  (0.031)  (0.010)  (0.004)
CRPS 0.936 0.939 0934 0.927 0.966

(0.012)  (0.011)  (0.002)  (0.004)  (0.002)
CRPS decomposition

Right 0.926 0.932 0931 0934 0.965
(0.019)  (0.018)  (0.010)  (0.013)  (0.071)

Left 0.949 0940 0.937 0.923 0.962
(0.002)  (0.006)  (0.001)  (0.001)  (0.002)

Center 0.933 0.942 0.935 0923 0.971

(0.004)  (0.011)  (0.002)  (0.005)  (0.004)

Event Forecasts

Toen < 1.5% 0.945 0.940 0931 0.950 0.960
(0.015)  (0.005)  (0.001)  (0.026)  (0.040)
Teen > 2.5% 0.910 0.969 0.960 0.966 0.986

(0.031)  (0.089)  (0.036)  (0.032)  (0.132)

1.5% < mp, > 2.5% 0939 0.947 0.947 0.981 0.940
(0.013)  (0.009)  (0.016)  (0.176)  (0.001)

Note: The table report the relative performance of Stock and Watson (2007) UCSV model against our Skt model.
Results are reported in ratios, with our model being at the numerator; values smaller than 1 imply superior predictive
accuracy of the SKt model. The out-of-sample period runs from 2000Q1 to 2024Q2. Values in bold are significant
at the 10% level.

PCE inflation appears to exhibit a more attenuated balance of risk compared to other inflation

measures.

Out-of-sample performance We set up a real-time forecasting exercise where for each inflation
vintage we produce up to eight-step ahead forecasts for the whole density of core PCE inflation,
starting from 2000Q1.2° We compare our model against the widely used UCSV model of Stock
and Watson (2007), in terms of point, density and event forecasts, measured by the mean squared
forecast error (MSFE), the Continuously Ranked Probability Score (CRPS) of Gneiting and Ranjan
(2011) and the Brier score, respectively.?! Additional results are available in Appendix F.

The comparison strongly favors our model, across all metrics and forecast horizons, as presented

in Table 1. The results, expressed as the ratio of the score achieved by our model to that of the

20We start the exercise in 2000Q1 due to the availability of real-time data vintages.

21The Continuously Ranked Probability Score (CRPS) scoring rule measure the squared difference between the
predictive distribution function and the “perfect forecast”. This score can be modified to highlight different regions
of the predictive density (see, e.g. Gneiting and Ranjan, 2011).
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UCSV benchmark, show significant gains in point forecasts range from 15% at short horizons to
5% over the medium term, where p-values for the Diebold and Mariano (1995) test are provided
in parentheses. Improvements of up to 8% are observed in CRPS scores. These results underline
the importance of accounting for inflation skewness as a means to enhance forecasting accuracy.

The UCSV model lacks a mechanism for capturing skewness but also overlooks the presence of
fat tails in the data. Replicating the exercise using a specification that excludes any asymmetry
(similarly to Delle Monache and Petrella, 2017) confirms the importance of incorporating skewness
to improve model fit and inflation forecasting accuracy. Significant and substantial gains are also
reported for the predictions of events where 7, is lower than 1.5%, greater than 2.5%, or falls
within these thresholds.

Adams et al. (2021) show that both upside and downside risks to the median SPF forecast
fluctuate over time, and that lower quantiles of the predictive distributions are generally more
stable than the upper quantiles. We find out model to perform on par with the SPF.?? Notably, for
P (ﬁi“l > 2.5%) our model shows meaningful advantages, stemming from consistently lower event
probability assessments compared to the SPF during the decade following the Great Recession,
and a timely adjustment in early 2022, that accurately timed the inflation spike of the post-COVID

period.

5 Quantitative structural analysis

In this section, we perform policy counterfactuals to highlight the importance of accounting
for asymmetric inflation risk, using a prominent empirical DSGE model estimated with U.S. data
(Smets and Wouters, 2007). Specifically, we consider a version of the model in which cost-push
shocks follow a Skew-t distribution with time-varying moments. As in the stylized model considered
in Section 2, agents receive news about the time variation in the skewness of the distribution of

these shocks, up to J = 20 quarters ahead. We assume that, in each period, agents expect moments

22We compare forecasts for the Q4-over-Q4 core PCE, which is the measure predicted by the SPF. The evaluation
sample starts in 2007Q1 to match SPF data.
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to change in line with the forecasts provided by the model estimated in the previous section.??

5.1 Belief representation of Smets and Wouters (2007)

We set up the belief representation of the Smets and Wouters (2007) model following Section 3.2.

We augment the price Phillips Curve with a set of dummy anticipated cost-push shocks as follows:?*

J
Ty = MT—1 + To BT —W3Nf+€f+2wf,j, (17)

§=0
where the variable pf represents firms’ price mark-ups, the shock &7 stands for the actual cost-push
shock, which follows a Gaussian ARMA process, and 7, 7, and 73 are the standard parameters
in this equation, as defined in Smets and Wouters (2007). The last term on the right-hand side
captures anticipated and uticipated dummy mark-up shocks, with gp{ representing the mark-up
shock revealed in period t but expected to materialize in period t + j. These anticipated shocks
capture the effects of the skewness of the Skew-t distribution of future cost-push shocks on agents’s

expectations about the realization of these shocks.

In the beliefs representation, the expected cost-push shock h periods ahead can be decomposed

as follows:

J J
P J — p J
By |epy, + Z ey = Eleln) + Z Pirh—j > (18)
j=0 ——— j=h
mode (Mt+h|t) N—_——
balance of risks (wf+h|t)

which resembles the structure of Equation (16), since we assumed that cost-push shocks distribute
as a Skew-t distribution. The balance-of-risks term on the right of the decomposition captures the
effects of skewness in the distribution of the shocks on their expected value.

It then follows that the time-t revision to agents’ expectations about the realization of the

231t should be noted that whereas the model we introduced in the previous section delivers accurate and timely
real-time estimates of U.S. inflation skewness, the beliefs representation can accommodate various methods (or
combinations thereof) for estimating skewness, extending beyond our preferred model.

24This equation embeds an identification assumption: specifically, we assume that only expectations of future
cost-push shocks drive the changes in inflation risks estimated by our forecasting model. However, this approach
can be generalized to accommodate alternative identification assumptions by incorporating a variety of dummy
anticipated shocks that contribute to these risks.
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cost-push shock h periods ahead is given by

Ey— By

J
Ern Z sz—j] = <Mf+h|t - :”irh\tA) + ¢} (19)
=0

Note that effects of the revision to the skewness from period ¢ — 1 to period t on the expected
value of the shock in period ¢ + h are captured by the dummy anticipated shock, ¢!

Since all shocks (the seven structural shocks of the Smets and Wouters (2007) model plus the
J +1 dummy shocks) are normally distributed, the linear approximation of the model in its beliefs
representation can be solved quickly and efficiently using off-the-shelf techniques. The solution of

the model is standard and can be expressed as follows:
Sy = FSt,1 + Qet, (20)

where the vector s; contains the model’s state variables, and the vector e; includes all shocks as
well as the belief dummies. The matrices I' and €2 are the solution matrices, which depend on the

structural parameters of the model.

5.2 Calibrating inflation risks

We now have to align the beliefs representation to match the inflation asymmetry estimated
in the previous section. Equation (16) offers a clean way to decompose model based inflation
expectations into a central scenario (the most likely expected outcome) and the tilt induced by the
balance of risks around it, ¥; this decomposition is reported in Figure 5. Inflation risk significantly
influences inflation expectations, introducing substantial upside bias during the 1970s and the post-
COVID-19 era. Negative skewness contributed to a downward bias in expected inflation during
the decade leading up to COVID-19. However, low inflation volatility during this period mitigated
the average effect of asymmetry on expectations, limiting its impact to around 20 basis points,
despite the markedly negative skewness. The subdued volatility of inflation observed during this
time has significant implications for how monetary policy should address the persistent negative

skewness in the post-Great Recession era.
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Figure 5: Expected inflation decomposition

Note: The figure report the decomposition of the model based measure of inflation expectations, reported in ?7.
The total expectation (in black) is decomposed into a central scenario (p, cyan) and the tilt induced by the balance
of risks (¢;, magenta). Gray shaded areas represent NBER recessions.

Given ;4 s, the J—period-ahead forecast, conditional to time ¢, for the balance of inflation

risks produced by Equation (16) (magenta line in Figure 5), we obtain the vector of J + 1 dummy

surprise and anticipated shocks as:

J .
- Zj:l @i—j 0f
Y1) — Vip1je—1 _ 1 Ouxs 80% ’ (21)
Qs QN
_1/1t+J|t - 1/)t+J|t—1_ _902]_

where Q% and QY represent the contemporaneous effects of surprise and anticipated dummy cost-
push shocks on inflation expectations in the model.

The first equation ensures that the effects of dummy anticipated shocks remain confined to
the realm of beliefs and never materialize into an actual shock to the cost-push. As noted in
Section 2, the function of these shocks is solely to capture the effects of asymmetric risks on
agents’ expectations. The first term on the left-hand side aggregates all past anticipated shocks
expected to affect the economy in the current period, t. The equation imposes that the surprise

dummy shock, ¢?, fully offsets these past anticipated shocks. In this sense, the dummy anticipated
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shocks in the beliefs representation can be interpreted as pure beliefs or sentiments.

The last J equations map revisions to the mean-mode inflation wedge, ¥ it =4 j|¢—1 estimated
by the forecasting model, to the surprise and anticipated dummy cost-push shocks. The anticipated
shocks {goi };;1 are multiplied by the matrix QY which returns their effects on inflation expectations
at each horizons (1, ..., J). That is, the last J equations impose that the dummy anticipated shocks
move inflation expectations to match the revisions to the mean-mode inflation wedge estimated in

the data at each horizon.

5.3 Risk-Adjusted Inflation Targeting

The next step is to introduce the RAIT, which is defined as a central bank communication
strategy designed to anchor expectations to target by counteracting the effects of asymmetric
risks we estimated in the data on inflation expectations. Under the RAIT, average inflation over
the medium run aligns with the central bank’s target, provided that the distribution of inflation
outcomes is accurately estimated for every period and horizon.

Implementing the RAIT requires the central bank to tilt the expected central inflation scenario
to counter the direction of the perceived risks. Specifically, if the balance of risks suggests upward
inflation pressures, the central bank would temporarily aim to undershoot its target. Conversely,
if the balance of risks points to downward inflation pressures, the central bank would temporarily
try to overshoot its inflation target.

We take two simple steps to practically implement the RAIT in the Smets and Wouters (2007)
model with time-varying balance of inflation risks. First, we enhance the monetary policy reaction

function as follows:

J
Py = prioy+ (L= p) |rade +racDd e | 70— Y 75y || +er (22)
j=1

ﬁf{AIT

where the variable 7Art*‘ ;—; represents the forward guidance shocks that capture the central bank’s

communications in period ¢ — j regarding its intention to overshoot or undershoot the inflation
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target. The variable #RAT denotes the magnitude of the overshoot or undershoot in period ¢

as announced in the central bank’s past communications. A negative (positive) value of A4
indicates the central bank’s intention to undershoot (overshoot) its inflation target h periods from
now. In the model, the inflation target is set by a fixed parameter calibrated to align with a
2% annualized inflation rate. The variables 7, Z;, and AZ; denote the nominal interest rate, the
output gap, and the first difference of the output gap, respectively, in log deviations from their
steady-state value. The parameters in the monetary policy rule are standard and defined in Smets
and Wouters (2007).

Second, under the RAIT, in each period ¢, the central bank communicates revisions to its
overshooting or undershooting policy in response to changes in the balance of inflation risks and
their impact on agents’ expectations, as estimated from the data in Section 4. These impacts,
denoted as ¥y — ¥4 jji—1, could lead to a de-anchoring of inflation, which the central bank seeks
to prevent by updating markets on its future intention to overshoot or undershoot its long-run
inflation target. When implemented effectively, these communications fully offset the effects of the
changing balance of inflation risks on expectations, thereby restoring the anchoring of inflation
expectations.

To obtain this communication strategy in the beliefs representation of the Smets and Wouter’s
model, we require the sequence of forward guidance shocks, {7} +j‘t}37:0 to satisfy the following

system of J linear equations:

Y1 — Vo1t T
Yrroe — Yrroe—1 T o
- = Qrc an (23)
| e — Veraie—1 e

The J x J matrix QFC captures the impact response of the sequence of forward guidance shocks
issued at time ¢ on current inflation expectations. This matrix can be readily obtained by solving
the beliefs representation of the Smets and Wouters (2007) model, augmented with the monetary

policy rule that includes forward guidance shocks, {7}, j|t}3‘]:1 — see Equation (22). The solution
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to such a model can be obtained using standard solvers for linear Rational Expectations models,
such as Dynare. The vector on the left-hand side represents the effects of the estimated revisions
to the balance of risks on inflation expectations, as defined in Equation (16). The system of
equation imposes that the shocks capturing the forward guidance issued in period ¢ under the
RAIT - {7}, j|t}3]:1 — are chosen by the central bank so as to offset these effects. Hence, the vector
capturing these effects enters with a negative sign.

The sequence of forward guidance shocks solving the system of linear equations in Equation (23)
ensures that the estimated balance of inflation risks has no effect on expectations. If the central
bank shapes its forward guidance according to the RAIT, inflation expectations will remain an-
chored at all horizons, and average inflation will converge to the target in the medium term, as

the effects of inflation skewness on inflation expectations are fully neutralized by the strategy.

Forward guidance puzzle? The RAIT is implemented through forward guidance. The liter-
ature has highlighted the forward guidance puzzle—i.e., the implausible predictions of macroeco-
nomic models regarding the effects of forward guidance. However, this puzzle does not arise in our
analysis. As shown by Del Negro, Giannone, Giannoni, and Tambalotti (2023); Bianchi, Melosi,
and Nicolo (2024); Maliar and Taylor (2019), the forward guidance puzzle emerges when forward
guidance shocks are used to match a specific path for the interest rate, as this approach implicitly
removes the response of active monetary policy to those shocks. In contrast, our framework sets
forward guidance shocks to match the future path of inflation that restores inflation expectations—
distorted by asymmetries in risk—back to target. In doing so, we account for the feedback effects

of monetary policy rather than suppressing them.

An alternative way to interpret forward guidance under the RAIT. The implementa-
tion of the RAIT does not necessarily require communication about temporary overshooting or
undershooting of the inflation target. Technically, the forward guidance shocks {7}, j\t}}']=07 appro-
priately rescaled by —(1 — p)r,, can be interpreted as stochastic upward or downward shifts in
the intercept of the reaction function, affecting the expected future path of interest rates. In the

case of the RAIT, these shifts are tied to the central bank’s assessment of the balance of inflation
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risks. The changes in the future interest rate path would, therefore, be driven by forward guidance,
designed to inform the public about the appropriate reaction function required to counterbalance

variations in the balance of inflation risks.

5.4 The RAIT in the post-pandemic era

We illustrate the potential impact of the RAIT by evaluating counterfactual dynamics for key
macroeconomic quantities.?> Counterfactual paths are computed by first simulating variables from
the beliefs representation of the model using only forward guidance shocks, which solve the system
of equations Equation (23). Simulated paths are then added to observed data points. This additive
approach is appropriate because the beliefs representation of the model is linear.

Counterfactuals for the federal funds rate, core PCE inflation rate, and hours worked implied
by the RAIT are reported in Figure 6, alongside the actual realizations. The upper-left panel shows
the estimated revisions to the balance of inflation risks, 1;; — 1,1, obtained from the forecasting
model and used to simulate alternative dynamics under the RAIT. These estimates reveal that, as
early as mid-2021, clear signs of rising upside inflation risk began to emerge. Upward revisions to
inflation risk persist from mid-2021 through the end of 2023, after which they suddenly recede.

Starting in mid-2021, the RAIT-consistent policy rate began to exceed the actual policy rate.
This positive gap reflects the prevailing upside risks to inflation, which call for a tighter monetary
stance to offset the influence of more probable future inflation spikes on agents’ current inflation
expectations. A substantial tightening is prescribed in 2022, following a sudden increase in upside
risks. It is important to note that the estimation of skewness in the inflation distribution—and
its implications for the balance of risks—is conducted in real time. This makes abrupt revisions
to risk assessments more frequent, especially during periods of heightened volatility such as the
post-pandemic era.

The alternative policy path implied by the RAIT would have anchored inflation expectations

and driven inflation to the 2% target one year earlier. RAIT would have delivered a slower, but

25 Estimates reported in Smets and Wouters (2007) cover the period 1966-2004, during which the authors estimate
a Phillips curve slope of approximately 0.03. However, many studies suggest that the slope of the Phillips curve
during the recent inflation surge was significantly steeper. We therefore calibrate the parameters feeding into the
Phillips curve to achieve a slope of approximately 0.3.
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Figure 6: Macro dynamics under RAIT
Note: The plots report the estimated revisions to the balance of inflation risks and the counterfactual dynamics of
the policy rate, inflation and hours worked consistent with the RAIT framework, against the actual data (black).

Inflation is defined as annualized quarter-on-quarter core PCE. Hours worked are the logarithm of hours worked in
the nonfarm business sector, normalized to 0 in 2019Q4. Gray shaded areas represent NBER recessions.

more balanced recovery of the labor market.

Specifically, the faster tightening under the RAIT would have significantly slowed the recovery
of the labor market in 2022 and much of 2023. Yet, the strategy’s early call for easing monetary
policy in 2023 would have stimulated the labor market, helping it partially regain the momentum
lost due to the earlier tighter policy.

At the peak of the monetary policy response, the RAIT prescribes a policy rate of approximately

5.5%. Notably, the peak of the tightening is remarkably similar to the level ultimately chosen by
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Table 2: Counterfactual Fed funds rate dynamics and forward guidance

Fed funds rate Counterfactual rate Forward guidance
Q4 Cumulative Q4  Cumulative Q4 Cumulative
% bps % bps % bps
2021 0.080 —0.667 1.146 87.590 1.066 88.257
2022 4.333 425.333 5.350 420.433 1.017 —4.900
2023 5.330 99.667 5.244 —10.645 —0.086 —110.312
2024 4.380 —95.000 4.166 —107.715 —0.214 —12.715
Total 14.043 430.000 14.760 302.073 0.717 —127.927

Note: The table reports year-end and cumulative values of the realized Fed funds rate, their counterfactual path
under the RAIT, as well as the forward guidance implied by the RAIT, from 2021 to 2024. Forward guidance is
defined as —(1 — p)ry 3

j=1 Tl
the Federal Open Market Committee (FOMC), even though the RAIT would have prescribed
starting the tightening sooner and reaching that peak two quarters earlier.

We now illustrate how the prescriptions of the RAIT can be translated into communications
about the path of future interest rates, or forward guidance. Table 2 compares the year-end values
and the cumulative change of the realized Fed funds rate, the policy instrument controlled by
the Fed, against the counterfactual interest rate under the RAIT. The last column isolates the
contribution of central bank’s communication via forward guidance (to interpreted as temporary
deviations for the 2% target, in line with Equation (22)).

Our model’s real-time assessment of the rapid changes in the balance of risks during the second
half of 2020 leads the RAIT to recommend increasingly hawkish communication of the central
bank’s policy stance in 2021 up until through early 2023. This hawkish forward guidance is some-
what mitigated in the following year, becoming essentially neutral by 2024, when risk assessments
are considerably more balanced.

Comparing forward guidance with the actual path of the federal funds rate suggests that the
central bank began raising the policy rate with some delays compared to what the RAIT would
have suggested. Consistent with the previous analysis, the RAIT would have recommended a more

rapid unwinding of the tightening. This pattern reflects the swift retrenchment of positive inflation
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risks, as estimated in real time by our econometric model. That is, under the RAIT, the central
bank could have started lowering rates slightly earlier than observed.

As we will show, this delay in lowering the interest rate is broadly consistent with the recom-
mendations of the Federal Reserve’s framework. Specifically, this delay reflects the FAIT’s limited
adaptability to changes in the stochastic environment of inflation, a limitation that the RAIT seeks
to address through real-time assessment of the skewness in the probability distribution of future

inflation outcomes. We will return to this critical point in subsequent discussions.

5.5 FAIT vs. RAIT

We now compare the implications of adopting the FAIT or the RAIT for the central bank’s
communications. Both strategies aim to counterbalance asymmetric inflation risks by clarifying to
the public that the central bank may tolerate an overshooting or undershooting of inflation relative
to the 2% target in the short run.

One of the reasons behind the Federal Reserve’s adoption of the FAIT was the heightened risk
of encountering the ZLB constraint, driven by the low interest rate environment of the past decade
(Clarida, 2022). This limited the central bank’s ability to stabilize the economy during recessions,
tilting the balance of inflation risks to the downside. In this context, the FAIT serves as a strategy
whose objective is to counterbalance this balance of risks by enabling the central bank to convey
its willingness to tolerate an overshoot of inflation for a period of time.

Similar to the RAIT, the FAIT aims to shift the distribution of inflation outcomes to counter the
balance of inflation risks and reanchor inflation expectations to the desired central bank’s target.?6
However, the two strategies differ in the conditionality underlying their respective communications
regarding the opportunity to overshoot or undershoot the target. Under the FAIT, the central
bank seeks to overshoot the target if the repeatedly binding ZLB constraint has lowered the past
average inflation rate. In contrast, under the RAIT, the central bank communicates its intention to

overshoot the target if the balance of inflation risks — estimated through models or policymakers’

26The FAIT adopted by the Federal Reserve in August 2020 was asymmetric, as it did not account for the
possibility of undershooting the FOMC’s inflation objective. In this analysis, we consider a symmetric FAIT
framework, as we examine an environment where inflation risks may be unbalanced either to the upside or the
downside.
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judgment — is tilted to the downside.
Under the FAIT, the central bank decides on its temporary inflation overshoot by accounting for
past deviations of inflation from the 2% medium-run inflation target. Specifically, we operationalize

the FAIT target (77AT) by evaluating its effects on the monetary policy stance:

AT = AT — (1= pp) (P — 7) (24

where P2t

stands for the inflation rate observed in the data and 7 represents the 50 basis point
inflation target, corresponding to 2% annual inflation. Thus, the elements within the round brack-
ets on the right-hand side capture the current miss of inflation relative to the 2% target. A positive

FAIT indicates that, under the FAIT, the central bank would aim for an inflation overshoot

value of 7,
to counteract the prevailing negative inflationary pressures observed in past years. The parameter
pr € (0,1) represents the Central Bank’s memory when assessing deviations of inflation from the

t27

target.”” The monetary policy rule under the FAIT is given by:

e =priq+ (1 —p) [T’Z:i“t + TAL ATy + 7r (7T ﬁFAIT)} + €5, (25)

In Figure 7, we compare the FAIT parameter, which captures the average of past inflation
misses, 7L T with the RAIT parameter, 7047 which reflects the average revisions to the inflation

target over a J-period horizon, induced by forward guidance provided at time ¢.

—RAIT ~RAIT
E Ey — Ey 7Tt+j )

The FAIT parameter in the plot was largely positive during the past decade when U.S. inflation

consistently ran below target. Under the FAIT, the central bank would have been required to

27A small py indicates short memory, leading the Central Bank to quickly attempt to correct recent deviations,
resulting in high variability in FAIT. Conversely, a large pr results in a smoother but slower-to-adjust target.
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Figure 7: FAIT vs. RAIT

Note: The figure reports the (implicit) temporary inflation target implied by the FAIT (the pink solid line with
blue circle markers, 2% + #FA1T) and the RAIT (the green line, 2% + #FA1). The former is calculated assuming
pr = 0.90. Gray shaded areas represent NBER recessions.

0.6

communicate its intention to overshoot inflation. In contrast, the predictions of the RAIT are very
different. The RAIT would not have required an inflation overshoot to achieve this goal.

The reason lies in the RAIT’s focus on the effects of the balance of inflation risks on expectations
— captured by the wedge shown in Equation (16). As indicated in that equation, the effects remain
small if the volatility, represented by the scale parameter o, is low. When the predictive distribution
of inflation is not highly diffuse (low o;), the impact of its shape — g, — on inflation expectations is
muted. During the past decade, although the predictive distribution was negatively skewed due to
continuous inflation misses, inflation volatility reached historical lows. As a result, the mean-mode
wedge in Equation (16) — 1, — was small.

Consequently, the RAIT would have recommended maintaining the Federal Reserve’s symmet-
ric framework in the past decade, without requiring any adjustments to address negative skewness
in inflation outcomes. This is always the case when inflation volatility is low.

The FAIT parameter lags behind the RAIT parameter during the inflationary surge of 2021,
reducing the proactiveness of monetary policy. The FAIT is more backward-looking and less
responsive to evolving stochastic conditions affecting future inflation dynamics than the RAIT.

When the distribution of inflation outcomes shifts rapidly, the FAIT is slower than the RAIT in
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providing the central bank with the appropriate policy stance.

At the end of the sample period, the FAIT entirely misses the quick re-balancing of inflation
risks. In contrast, the RAIT, with its greater adaptability, would have enabled the central bank
to promptly communicate a shift in the balance of inflation risks, justifying monetary easing as
early as the beginning of 2023. This more favorable balance of risks was detected in real time by
the econometric model presented in Section 4.

The RAIT emphasizes communicating the evolution of the balance of inflation risks to provide
clarity on future policy decisions. Implementing the RAIT requires access to multiple models to
reliably assess changes in the balance of inflation risks. Additionally, our econometric model can be
enhanced with predictors such as fiscal policy measures, labor market prices, geopolitical indices,
and commodity price indices to construct scenario analyses that further support forward-looking
communications by a central bank adopting the RAIT.

De Polis et al. (2023) illustrate how incorporating macroeconomic and ficial predictors into the
forecasting model enhances its ability to predict changes in the balance of inflation risks accurately,

thereby improving its practical utility for the RAIT implementation.

6 Concluding remarks

This paper explores the role of time-varying inflation skewness in shaping monetary policy.
Using a time-series model to estimate the predictive distribution of U.S. core PCE inflation, we
demonstrate that inflation skewness fluctuates significantly over time, affecting the balance of risks
and enhancing forecasting accuracy during periods of heightened volatility.

Time-varying skewness introduces a wedge between expected and modal inflation, necessitating
optimal monetary policy to “lean against” these risks by adjusting the modal scenario in the
opposite direction of the balance of risks.

We assess Risk-Adjusted Inflation Targeting (RAIT), a strategy that incorporates real-time
assessments of the balance of inflation risks into central bank communications, allowing for tem-
porary overshoots or undershoots of the inflation target. Unlike FAIT, which advocates inflation

overshooting in response to the past decade of persistently low price dynamics, the RAIT would
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have maintained a symmetric approach to inflation stabilization. Furthermore, during the recent
inflation surge, the RAIT would have recommended earlier tightening and a more rapid initiation
of policy normalization.

This study underscores the importance of integrating real-time assessments of the balance of
inflation risks into policy frameworks, enabling central banks to more effectively achieve macroe-
conomic stability. Future research could refine RAIT’s implementation and explore alternative

communication strategies.
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A  Proofs

A.1 Log-linearized model with asymmetric risk

Let Z; collect endogenous and (persistent) exogenous variables, and €; be a vector of i.i.d.
exogenous shocks to the system. A stable Rational Expectations equilibrium is defined as a system

of expectational difference equations of the form
Et [f (Zt+17 Zt; Zt—la gt)} = 07 (A1>

where f depends on agents’ preferences, available technology, and constraints, and [E; denotes the
expectation operator conditional on the information set available at time t.

Let us now assume &; = exp(e;) and g, = [e],e?]’, where &} is a set of symmetric shocks—e.g.,
Normally distributed—while €} represents a potentially asymmetric shock with distribution. While
we focus on the case with a single source of asymmetric risk, extending the analysis to multiple
independent asymmetric shocks is straightforward and does not alter the underlying intuition.

Define £ and Z* as the steady-state of the model. The first-order Taylor expansion of Equa-

tion (A1) around the (non-stochastic) steady state reads

f(Zis1, 20,241, 81) = f2,, (€ 27) (L1 = Z7) + [2,(E",27) + (Ze = Z7)

+ [z, (EZ) (Zey — Z7) + fe, (E,Z7) (E; — E7).

where for any generic variable X, fx(X) = 8{;1#

X) evaluated at X. Defining log-deviations from
steady-states with lower case letters and normalizing £ = 1 regardless of the specific shape of the

asymmetry of risk, we obtain a linear rational model of the form in Equation (1).

A.2 Proof of Proposition 1

Proof. Starting from a linear solution of the form in Equation (1):

Aoz = Ay Bz, + Az + By€] + byetf,
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where Ay, Ay, Ay, B, and b, are independent of the skewness of the shocks in €f.

The solution of a linear rational model of the form in eq. Equation (1) can be written as

z, =012+ O [€] ¢/ + O, Z 9?1@ (B Et€?+j]/ :

j=1
=01z + O €] €] +©, ) O} '0.EE., ;.
j=1
where the matrices ©¢, ©;, ©,, and ©, are functions of Ay, A,, Ay, By and b, (see, e.g., Sims,
2002, Sec. 4), whereas E is a selection vector. The last row reflects the fact that Eiei ; = 0,V].
In a fully symmetric setting, where g,; = 0 and Eyef, ; = 0,V¢, j, the above expression simplifies

to z, = ©,z_1 + O [€ 7', O

A.3 Macroeconomic effects of revisions in the balance of risk

When shock distributions are skewed, expectations are a function of the asymmetry of the
distribution. For the general class of skew-distributions we consider (Arellano-Valle et al., 2005),
the expected value of a generic skew-variate X ~ f(u, 0, o) takes the form EX = u+ kop, where p
represents the mode of the distribution, o captures the dispersion, p summarizes the asymmetry
of the distribution about the mode, x is a constant that depends on the choice of f. Therefor, for

E? ~ ‘F (Oa g, Qa,t)a
EtE?H = kUZEtQaJ-i-ja

such that, when risk evolves over time, shifts in expectations of future asymmetry lead agents to

revise their decisions today. Therefore,

2= 0121+ O [€] €] +©,) O} '0.Eko’E;04+;.

j=1

Defining revisions in the asymmetry of risk j periods in advance as ¢ = Ei0441j — Fi—10a1+j, iD-

plies that the h-step ahead impulse response of the system to a revision in the perceived asymmetry
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of risk j-periods ahead can be defined as
Eyziyn — B azepn = M(J, h)k02@g§
where M(j,h) = @?@y@?fl@zE is a convolution of the system matrices in Equation (2)

A.4 Proof of Proposition 2

Proof. Let us now consider an alternative model with linear solution given by
A()Zt = A.fEtZtJrl + AbZt,1 + Bgt, (AQ)

where E, denotes agents (potentially) distorted beliefs.
In this setting, agents’ choices and equilibrium outcomes depend not only on current shocks
but also on their beliefs about future shocks. Let Et denote the belief expectation operator, defined

as
EtetJrj = Fi€i1j + Privy, (A3)

where ¢, ;1 captures agents’ beliefs at time ¢ about the mean of the distribution of certain shocks
expected to hit the economy at time ¢ + 7. Under the maintained assumption that the shocks €,
are symmetric—i.e., Fie,q = 0 for all t—the term ¢4, ; acts as a belief-based adjustment to the
expected future shocks.

The solution of a linear rational model of the form in eq. Equation (A2) can be written as

z; = 0121 + Ope; + O, Z @gc_l@zﬁtgtﬂ

j=1

where the matrices ©¢, ©;, ©,, and ©, are functions of Ay, A,, Ay, By and b, (see, e.g., Sims,

2002, Sec. 4). Therefore, given the definition of beliefs expectations in Eq. (A3), the rational
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expectations solution of the system can be written as

[e.e]
Z; — @1Zt_1 + @Dgt + @y Z @gc_l(")ZEt(pt_f_j
j=1
Let cp{ = @i 1+j — Pi—1,4+; denote a belief revision (or “dummy surprise”), capturing the change

between periods ¢t — 1 and t in agents’ beliefs about shocks occurring at time ¢ + j. Belief dis-

h+j
t—j

tortions evolve as a reflection of agents’ revised views, according to ;1 = Z}]:o 7] where
J is the maximum horizon over which agents project their distorted expectations. In line with
Chahrour and Jurado (2018), we assume that agents do not anticipate future revisions to their
beliefs—formally, Etgo{ i =0foralli>1.

It follows that revisions in beliefs lead to the following revision of current and expectations of

future outcomes:
Eyziy; — Erazyy = ©]0,077'0.¢], h>0. (A4)

By setting

o =Bl = 50"
the impact of revisions about the asymmetry of shocks’ distributions (see Equation (4)) is equiva-
lent to shifts in beliefs about future realizations of the shocks (Equation (A4)) and the responses

of the two models are observationally equivalent up the first order. n

B Solving the New Keynesian model with cost-push shock

In this appendix, we provide detailed derivations of the solutions for the optimal monetary
problem under asymmetric risks, outlined in Section 3. This problem is derived in the basic New
Keynesian model presented in Chapter 3 of Gali (2008). We briefly outline the housholds and

firms problems, and then derive the optimal monetary policy rules.
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B.1 The baseline New Keynesian model

The model features a continuum of households, firms, and a central bank. Households work,
consume, and save. Firms hire labor in a competitive market, produce goods, and set prices, with
the market for goods being monopolistically competitive. Price setting is subject to the Calvo
lottery. Monetary policy is optimal under the assumption that the central bank can commit to
future actions. The optimal monetary problem faced by the central bank is discussed in the next

section of this appendix.

Households. An infinitely-lived representative agent seeks to maximize
Ey ) B'U(Cy, Ny,
t=0
subject to the budget constraint
PC,+ QB < By + W,N, + T}, fort =1,2,...,

where C; and P, represent the quantity and price of the aggregate consumption index, (); is the

price of a nominal bond purchased in quantity B;, IN; denotes the hours worked, remunerated at

the nominal wage W;; finally, T} is a lump-sum transfer. There is a CES technology aggregat-

ing differentiated goods produced by firms into the consumption bundle, C;, consumed by the

representative household. The parameter § is the deterministic discount factor of households.
Assuming the utility function to be

c/™° N/7*
l—0c 1—¢’

U(Ct, Nt> -

where o is the parameter of relative risk aversion and ¢ is the inverse Frisch elasticity of labor
supply. Households’ demand for a differentiated good is downward sloping with respect to the

price of the good.
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Firms. A continuum of monopolistic firms produce differentiated goods using the same technol-

ogy

Yi(i) = ANo(i)' 7,

where A; denotes the technology level, and « is the production function scale parameter. All firms
face the same downward-sloping demand schedule obtained from solving the household’s problem
of choosing goods of different variety.

We assume that, every period, a firm can re-optimize its prices with probability 1 — 6. This

friction gives rise to the following dynamics for the aggregate price level, expressed in log-terms,

m = (1—=0)(p; — pi—1),

where p; is the re-optimized price level and p;_; is the average price level for the non-re-optimizing

firms.

B.2 The optimal monetary policy problem

In this model, the output gap and inflation in deviations from steady state are governed by a

standard IS and a Phillips curve

N . L/ .

Ty = Eylyy — p (lt + Et7Tt+1> ) (B1)

Tty = BEyTi + KTy + uy, (B2)
where i; = —log ), is the short-term nominal rate and x is the slope of the Phillips curve. To

simplify the exposition, we assume that cost-push shocks follow u; ~ i.i.d. N'(0, ,).%

We assume that the central bank commits, with full credibility, to a policy plan consistent

with a quadratic objective function in inflation deviations, 7, and the output gap, z;. Therefore,

28 Although we adopt the standard normality assumption, the results only require that the shock is univariate
and symmetric. In this case, the mean and the central forecast coincide, implying Eyu;4; = 0 for all j > 1, which
is sufficient to derive the solution under symmetry.
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optimal monetary policy consists in choosing the state-contingent {7, Z;}:°, that minimizes
1 . 2 2
EEO ;5t (7Tt + axxt) )

subject to the sequence of constraints imposed by the Phillips curve above. Casting the problem

into its Lagrangian form
oo 1 X X . . R
E = EO Zﬁt |:§ (7‘{'t2 + O[ml'?) —+ Ve (7Tt — RTy — Bﬂ-t-i-l) s
t=0
and differentiating with respect to ; and 7; yields the optimality conditions

Ty — Ky =0

T+ % — Y-1=0

that must hold for t = 0,1, 2, ...; We set 7v_; = 0 in that Phillips curve constraint is not binding in
period —1 for the central bank choosing the optimal plan in period 0.

Standard manipulations yield the following optimality conditions,

“ K
To = ——To,
Oy

ii’t - i’t,1 - —ﬁ}, Vt
T

Define p; = p; — p_1 as the inflation rate over period 0 through period ¢, where p; denotes the log

of the price level at time ¢. We can now write the optimal targeting rule under commitment as

N R _
Ty = ——Dt, (Bg)

xT

such that the optimizing central bank keeps output below or above the efficient level in propor-

tion to the deviations of the price level from its implicit target. Plugging Equation (B3) into

23



Equation (B2) we can recast the Phillips curve in as
Pr = ape—1 + afEipri1 + awy (B4)
with a =

Qg
az(1+8)+k2 "

B.2.1 The symmetric case

The stationary solution to Equation (B4) can be obtained by using the method of undetermined

coefficients by conjecturing a solution of the form

Dt = NPr—1 + Ay, (B5)

such that the expected value of the next period’s price level is

Eipiy1 = npy. (B6)

Substituting the expectations implied by the stationary solution yields

Dt = api—1 + afnp; + awy

_ a _
Pt = 1—a577pt71+a1—a577m
——— h}\,—/
n

Solving for n and A, we obtain

1-/1-48a? (B7)

n= 247 5

A= _“a gt (B8)
and we can express the equilibrium process for the output gap as

By = nE) — — A, (B9)

T
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fort=1,2,..., with g = —a—’z/\uo.

Implementation. The optimality condition in Equation (B3) allows us to write the IS curve in
Equation (B1) as

K -~ K _ ~
[1 - U—] pr = [1 - U—} Eipri1 — iy
Oy Oy

Now, substituting the implied expectation derived in Equation (B6), we obtain the following

optimal monetary rule:

= —(1—7) l1 - ai] Br. (B10)

Provided that ¢, > 0, the system of equations comprising the IS equation, the Phillips curve,
and the optimal monetary rule in the above specification admits a unique stable rational expecta-

tions equilibrium (see, e.g., Gali, 2008).

B.2.2 The asymmetric case

Let us now consider the case where the stochastic process driving the cost-push shock is
no longer symmetric. Specifically, assume that the shocks follow @; ~ 1i.d.f(0, 0y, 0.), where
f(0, 0w, 0u+) denotes a general unimodal distribution centered at zero but asymmetric when g, ; # 0.
In this setting, the perceived risk associated with the distribution evolves over time as agents up-
date their views about the balance of upside and downside risks. As a result, the expected value
of future shocks reflects these changes in perceived asymmetry. While the mode—the most likely
outcome—remains at zero, the mean shifts with the asymmetry, so that Eit,,; = 50, E0y 4+

To simplify the characterization of optimal monetary policy, we assume that agents receive
news about the skewness of the distribution only up to J = 1 period ahead. Beyond that, they
assume all risk is symmetric. In this environment, at time ¢, agents observe the current realization
of the shock and form expectations about future realizations based on their current perception

of asymmetry. This implies Eityy1 = 20, E04441, while Eyy; = 0 for all 7 > 1. Moreover,
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SINCE 0y 41 = gg,m + Qi,tv and assuming agents do not anticipate further revisions in perceived
asymmetry (i.e., Etgg’t+1 = 0), it follows that Eyli = 20,0y, where 0, , = Ey0y141 — Et_10u141.
Expectations of future shocks therefore reflect the latest update in perceived risk asymmetry.

We now turn to the alternative beliefs representation of the information structure. In this
framework, agents observe the realization of the shock at time ¢ and update their beliefs about
both the current shock, denoted by 1Y, and the next period’s shock, denoted by 1}. These belief

distortions are mapped into expectations as follows:

Etﬂt = Ut + ¢? + @Z}tl_l = ﬂt, (Bl].)
Eitg = Et@/’grl + 9 = 1. (B12)
Equation (B11) imposes the restriction ¢ = —1)} |, requiring that the actual realization of the

shock is not affected by prior beliefs—or equivalently, that earlier beliefs do not necessarily ma-
terialize and can turn out to be pure noise. Equation (B12) reflects the assumption that agents’
expectations about future shocks are fully captured by the dummy belief ¢}, and that they do not
anticipate further updates in those beliefs, i.e., Ey)f,; = 0. Furthermore, by setting ¢; = xo,0, ,,
we have that, up to a first-order approximation, the dynamics of a model with evolving perceptions
of asymmetric risk can be equivalently represented by a model with symmetric shocks and belief
distortions captured by dummy surprises.

In this setting, shifts in asymmetric risk affect current allocations and as a consequence next
period’s price level, E;p; 1, are potentially distorted. We postulate that the price process under

optimal policy evolves as:

DPr = NPe—1 + Auy + C¢tl, (B13)

and it follows that
Eipii1 = npe + ABjugq + CEtwtl-l-lv (B14)
e 19
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since Eyugq = 9} and Eypy, = 0. Substituting the expectations implied by the stationary solution

under optimal policy (Equation (B4)) yields

Pe = api—1 +af [77@ + /\%1] + auy,

~ a . a . afBA !
= ————Di_ — U+ ——— ;.
bt l—aﬂnpt 1 1— apn t 1— aBn t
\—\)\/—/ \“{—/
n

Solving for n, A and { we obtain

1-/1—4Ba?

77_ QCL/B )
a
T
af
e

It follows that the equilibrium process for the output gap is

R R K
Ty =NT—1 — 04_ [)\Ut + C@Z’H ) (B16>

T

and Zo = — = [Aug + ¢}

Implementation. Let us rewrite the IS equation in terms of the price level under asymmetry

and substitute the optimality condition such that

K K .
[ T P
Qy Qly

Substituting the expectation for the price level under asymmetry, we obtain the optimal monetary

rule under asymmetry:

T T
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where the first term in the right-hand side is the same as in Equation (B10), and the last term
captures how the central bank must adjust the policy rate in response to shifts in perceived risk

asymmetry, specifically accounting for how these changes influence agents’ expectations.?’

B.2.3 Asymmetric case with an unwitting central bank

We now consider the case in which the distribution of cost-push shocks are skewed but the
central bank does not take this into account (or it does not know) and adopts the optimal pol-
icy under the incorrect assumption about shocks distributions. Cost-push shocks’ asymmetry is
captured by agents receiving surprises v}, tilting their expectations about future realizations of
the shocks away from the central scenario in every period t. We compare this scenario against
the case of optimal monetary policy under symmetry. This exercise can be also interpreted as the
asymmetric case under the counterfactual assumption that the central bank does not try to lean
against the asymmetry in the dynamics of the price level.

We start from the optimality condition between output gap and inflation

A K _g
Ty = ——Dy» (B17)

xT

where p¢ is the price level under full symmetry (7 = 0,Vt, j) defined

Pp = NP1 + Aug; (B18)

note that this is not exactly the same price level as in fully symmetric case (p;), in that past
suboptimal price levels, p;_1, are a given for the optimizing central bank.

We write the Phillips curve in terms of the price level,

(1+ B)pr = pr_1 + K&y + BEPr1 + uy,

and we conjecture that the difference between the two prices under symmetry that the central

29Tt can be shown that the conditions for determinacy are the same as in the model with symmetric risk.
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bank takes into account when solving its optimal problem is
= =5 __ 1
Pe— P, =TV,

By plugging this equation into the optimality condition in Equation (B17), and substituting into

the Phillips curve expressed in terms of price level yields

]5,5 = aﬁt—l + CLBEtpH_l + bthl + alyg (B19>

2

: — K
Wlth a = W

—am(lfg)JmQ and b =

As before, we conjecture the stationary solution, retrieve expectations of next period’s price

level and plug these into Equation (B19) to obtain

a 5 a +aﬁ/\+b7'
= -—— _ —u —
anptl 1—apn ! 1—apfn
H}\,—/ T

n

-

Solving for the coefficients we obtain

1—+/1— 43a2

"= 2a
a

N —

1—apBn

C_aﬁ)\—l—bT

- 1—apfn

We recover 7 by taking the difference between the price level, p, and the price level under the
symmetric policy — Equation (B18). Specifically,
. aBA+br

Pt — Dy :1——a&7¢t17
—_——

T
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which leads to

aP A
S A — B20
C=7=1—"1 - (B20)
The equilibrium process for the output gap is
N R
Ty = ——Ps> (BQl)

xT

for t = 1,2,.... It should be noted that the central bank that overlooks the importance of the
imbalance of risks will end up setting an output gap as a function of pj. However, this price
level is not achievable by the central bank because of the balance of inflation risks, resulting in a
suboptimal output gap and in a price level that is different from that targeted by the central bank,
p;. Therefore,

a Ko_

T

It should be noted that the output gap initially chosen by the central bank is the same as that
chosen in the first case. This is because the price level targeted by the central bank, pf, is exactly
the same as the price level target by the symmetric central bank in the symmetric case.?* However,
in the subsequent periods the output gap starts diverging in the two economies as the previous

period’s price level is different due to the skewness of the shocks distribution.

B.3 Calibration values for the numerical simulation

We follow Gali (2008) and set the following values for the parameters of the model: the elasticity
of substitution, o, to unity, the production function scale parameter, «, is set to one third, the
elasticity of substitution among intermediate goods, €, is equal to 6, and the slope of the Phillips

curve, K, is equal to 0.1275.

30We assume that in period ¢t = —1, the economy is at the deterministic steady state equilibrium where risks are
fully balanced, ¢* , =0, i = —1, -2, ....
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C Score-driven framework

C.1 Score derivations

The scaled score s; is a non-linear function of past observations and past parameters’ values.
For ¢; = log D(0, f;) being the Skew-t of Gomez et al. (2007), y;|Yi_1 ~ Skt,(us, 02, o), the log-

likelihood takes the form

(410, Fot) = log C(v) — ~logo? — 25 10g 1 4 ci (1)
r 1) =logC(v) — =1lo — o
t\"t|V, v t—-1 g 9 g0y ) g I/(1+Sgn(€t)gt)20_t2 )
1 1 1
logC(y):logf‘(V;— ) —logF(g> —élogl/—ﬁlogﬂ,

where I'(+) is the Gamma function, sgn(-) is the sign function, and v > 3 are the degrees of freedom.
Differentiating (C1) with respect to location, scale and asymmetry we obtain the gradient vector

/
vV, = [g—‘i;, %, g—éﬂ - Recall that e; = y¢ — pu, ¢ = £ and let

€2 _ v(1+ sgn(et)o;)?o? + 2
1+ sgn(et)os)?0? v(1+ sgn(e;)oi)?c?

f(ﬂt70-t2)gt):]-+ V(

To avoid overburdening the notation, in what follows aj(;(xx) = f!l and a = —HT". The score with

respect to the location parameter reads

0l G . v+1
— = w=, with wy = 7 o
Ot lof) v (1+sgn(ee) o) + ¢

Proof. Define

g(p) = alog f (i, 07, 00),

 _ dg(py) _ Fiy
such that o = o O Fnoron) For

, 2

= — €
Ju v(1 + sgn(e;)o)%02 "
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it follows:

o, 14w 2 _ YL+ sgn(e)on)or
oy 2 v(l+sgn(e)o)?02 " v(l+ sgn(e)o)20? + €2
(1+v) .
v(1+ sgn(e)ar)?o} + €t t
G
= w2t
Ot

The score with respect to the squared scale parameter reads

ol _ (wtCtQ —1)

oo} 207
Proof. Define
log o2
g(07) = ==+ +alog f(m, 07, 1),
o6, _ 090?) _ 72 : _ & .
such that 90 2 = %UtZ == 20_2 +a m, with f;? = Wf It follows that:
o, 1 1+vw g? v(1 4+ sgn(e)oi)?o?
dor 207 2 v(1+ sgn(ey)or)?of v(1+ sgn(ey)or)?0? + &7
1 14w €2 1
207 2 o? v(1+ sgn(e;) )20} + &2
L w (G- 1)
202 20?7 202

The score with respect to the shape parameter reads as

% _ sgn(r) w2
dor (14 sgn(er)or) Pt

Proof. Define
g(gt) = alog f(,uta O-tQa Qt)a
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o, _ 9g(o) _ fe : o 2(sgn(ee)+or)ef .
such that e = aagt = af(%ff%’m), with f,, = —W. It follows that:

0l 1+v  2sgn(e) +a)ef  v(l+sgn(e)o)’o}
Oos 2 v(l+sgn(e)or)to? v(l+ sgn(ey)or)?0? + &2
(sgn(e;) + o1)e? wy sgn(ey)

_ . 2
= (Ut sgnlE)e)?o? (L1 sgn(ena) ™

]
C.2 Scaled scores
Given we model v, = log oy and 0; = atanh(g;), for the chain rule we have:
86,5 . 6& 80’? (%t . 8&5 8Qt (C2)
3% N aaf @’}/t’ 35t N aQt 8575,
where % = 207 and g—g: = (1 — 07). We can thus define the vector of interest as f; = (pu, Ve, )’
with the associated Jacobian matrix
1 0 0
a(ﬂta 01527 Qt)
Jr = a—ft/ =10 207 0 - (C3)
0 0 1-—p?

The Fisher information matrix is computed as the expected value of outer product of the gradient

vector. Given the degrees of freedom v > 3 this is computed as:

(v+3)(1—0f)o? ot(1-07)(3+v)
It = Et,l[VtV;] - 0 m 0 : (C4>
4(14v) 0 3(14v)
at(1=07)(3+v) (1-07)(3+v)
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As a result, the vector of scaled scores reads as:

(v+3)(1—02)

St thft
1
s; = (Jidiag(Zy).J;) 2 J;V, = Sy | = @(wt@ - 1) . (C5)
v+3)(1—sgn
oot sgn(e) \/ T emEY

Full derivations for the Information matrix are provided in Delle Monache et al. (2024).

C.3 Bayesian estimation

We use Minnesota-type priors for the the persistence of the transitory components. Loadings
on the score components are Inverse Gamma distributed, with mean and standard deviation equal
to 0.01 and 0.001 for the permanent loadings, a, and 0.025 and 0.015 for the transitory loadings,
b. This choice reflects the view that transitory parameters are slower to react to news compared
to the transitory components. Furthermore, the prior ensures that the filter is invertible (Blasques
et al., 2022), that is it reduces the possibility of overshooting the updates in the direction of the
(local) optimum, and assumes conservative views on parameters time variation. Lastly, we assume
an inverse gamma prior for 7.

Posterior estimates of the parameters are obtained via simulation by means of an Adaptive
Metropolis-Hastings algorithm (Haario et al., 1999). Given that estimated parameters lie in
bounded regions of the parameter space, we augment the algorithm with a rejection step to pre-
vent numerical instability due to invalid parameter draws. The algorithm is rather efficient, and a
complete chain of 50000 draws can be obtained in less than 2 minutes. Section D in Delle Monache

et al. (2024) provides detailed explanation of the algorithm.
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D Monte Carlo analysis

We simulate T=250 observations from Skt, (i, oy, o), for simulated values of the parameters of
location, u, scale, oy, and asymmetry, g;. Unless explicitly mentioned, we simulate the parameters
independently, and we consider the following cases: no asymmetry, breaks in the asymmetry, fixed
asymmetry with location-scale covariance, fixed asymmetry with location-scale covariance with
breaks, time-varying asymmetry, and time-varying asymmetry with breaks in the location-scale
covariance.

For all cases, we simulate the location and log-scale from first order Gaussian autoregressive
processes, with autoregressive parameters equal to 0.9 and 0.99, repsectively, and variances set to
0.05 and 0.025. When we assume correlated innovations for the two parameters, we set this to
0.4. When we impose breaks in this correlation, we assume the relation abruptly shifts to 0.8 after
100 observations, and then falls to -0.4 after additional 50 observations. When time-varying, the
asymmetry parameter is simulated from an AR(1) with persistence set to 0.9 and variance 0.025;
when only breaks are considered, these occur on the 100th observation, moving from 0 to 0.25,
and a sharp fall to -0.25 on the 150th observation.

Define §; = log oy, §; = arctanh g;, and ¢ ~ N(0,1), and let chol() define the lower-triangular

Choleski factor; here we report a summary of the six DGPs.

DGP1: no asymmetry

Lt 09 0 -1 0.05 0
= + chol ¢,
0y 0 0.99| | 0 0.025
Yt = O, Vit
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DGP2: constant asymmetry with breaks

Lt 09 0 1 0.05 0
= + chol Et,
Oy 0 099 |di—q 0 0.025
p
0 t <100
Tt =95 0.25 100 < ¢t < 150
—0.25 t <150

\

DGP3: no asymmetry and location-scale covariance

N
|

bt 09 0 fh—1 0.05 0 1 4] [0.05 0
= + chol Et,
Ot 0 0.99] |0y 0 0.025 4 1 0 0.025
Yt = 0Vt

DGP4: no asymmetry and location-scale covariance with breaks

NI
|

L 09 0 -1 005 0 1 p| 1005 0O
= + chol ¢,
0y 0 099 |d 0 0.025 pe 1 0 0.025
y
04 t<100

Pt =950.8 100 < ¢ <150 »

—0.4 t <150

\

%:()Vt
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DGP5: time-varying asymmetry

I 09 0 0| |m 0.05 0 0
| =10 099 0 d;_1 | + chol 0 0.025 0 €
Y 0 0 09| |7 0 0  0.025

DGP5: time-varying asymmetry and correlated updates

L 09 0 0| |pme ;|1 p 02 3
0.05 0 0.05 0
S| =10 099 0| |[6_1]| +chol o 1 03 Et,
0 0.025 0 0.025
Yt 0 0 0.9 Ye—1 0.2 0.3 1
y
04 t<100

Pt =308 100 <t <150

—0.4 t <150

\

We report the results of this exercise in Figure D1. Specifically, for DGP1 to DGP4 we report
in blue the estimated asymmetry, with 68% and 90% credible sets represented by shades of gray,
against the simulated parameter, in red. For DGP5 and DGP6 we report the distribution of the
difference between the estimated and the simulated asymmetry.

For the first DGP, data are simulated under the assumption of symmetry, with independent,
time-varying location and volatility. We show that the model does not pick up any asymmetry when
this is not a feature of the data. The second DGP considers the case in which the asymmetry
parameter experiences a break from 0 to 0.25 after 100 observations, hence implying positively
skewed distributions, and another jump to -0.25 after additional 50 observations; this second jump
changes the sign of the skewness. Three comments are in order. First, as for DGP1, no asymmetry
is detected when the true value is zero. Second, the parameter reacts promptly to the first jump,
despite only 50 observations feature positive skewness. Third, the model quickly detects a turning

point in the sing of the asymmetry, turning from positive to negative in less than 20 periods.
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DGP3 and DGP4 are meant to provide reassurances that the model does not mistake correla-
tions between the location and the scale for evidence of asymmetry. In DGP4 we further allow for
the correlation to experience breaks, that flip the sing of the covariance between the two parame-
ters. The reported results highlight that the model provides asymmetry estimates that are robust
to such features of the data.

Finally, in DGP5 and DGP6 we simulate the asymmetry parameter to vary over time, as
the other two parameters. The two DGPs differ in the covariance structure of the parameters:
DGP5 assumes independent innovations to the processes, whereas DGP6 assumes a full covariance
matrix, with the covariance between location and scale experiencing two breaks, as in DGP4. Once
again, we document that our model is successful in detecting the correct sign and dynamics for the
asymmetry parameter, even when all the parameters are correlated, and experience instability.

Returning to DGP2, we evaluate the ability of the model to distinguish permanent changes
in the parameter against transitory moves. Figure D2 report the estimated long- and short-run
components; notice that the two distributions add up to that reported in panel (b) of Figure DI.
The model successfully discerns the persistence of the asymmetry in the data whereby it cor-
rectly picks up permanent changes. Interestingly, the short-run component shows short periods
of increased volatility around the observations where the DGP jumps. This suggests that at first
the model interprets new observations as transitory changes in the data, but as more evidence
comes through, the long-run component quickly learns the new feature of the data, whereas the

short-term component reverts to zero.
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Figure D1: Estimated asymmetry

Note: The panels reports the estimated paths for the asymmetry parameters (blue) with the associated 68% and
90% credible sets. The asymmetry under the DGP is reported in red. For DGP 5 and 6 we report deviations of the
estimated parameter from the simulated values. We consider T=250 observations for 1000 Monte Carlo replications.

69



1 1

0.2+ I 1
I 1

0.15 - 1 1
I 1

0.1+ | ,
0.05 ' '

I L
0
-0.05 | !

-0.1+
-0.15 -

! - -

50 100 150 200 250 50 100 150 200 250
(a) DGP1 (b) DGP2

Figure D2: Disentangling permanent changes

Note: The panel report the estimates long- (a) and short- (b) components of the asymmetry parameters estimated
under DGP2. Median values are reported in blue, with the associated 68% and 90% credible sets in gray. The
asymmetry under the DGP is reported in red. We consider T=250 observations for 1000 Monte Carlo replications.
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Figure E1: Risk across different inflation measures

Note: The panels report the full moment median estimates volatilities (a) and skewness (b) for different measures
of inflation. Black lines indicate estimates for core PCE. Other inflation measures we consider are: GDP deflator,
headline PCE, headline CPI and core CPI. Gray shaded areas represent NBER recessions.

E Evidence of time variation in inflation risk for other infla-
tion measures

In this appendix we report additional results about the time variation in the risks of policy
relevant measures of inflation.

Within the framework introduced in Section 4, we cab formally test the null hypothesis that
0; remains constant over the entire sample. Table E1 presents the results of three parametric
Lagrange Multiplier tests: the Q test, the adjusted Q* test, and the Nyblom test as outlined by
Delle Monache et al. (2024). These tests differ in their chosen alternative hypotheses, resulting
in varying statistical power (see, e.g., Harvey, 2013). We consider two scenarios: one assuming
constant volatility over time and another allowing for time-varying volatility. In both cases, the
tests strongly reject the null hypothesis of symmetry at the 1% confidence level.

Table E1 collect the test statistics for the detection of time variation in the asymmetry for all
four measures of inflation. Overall, the null of restricted asymmetry is strongly rejected.

We also conduct additional tests using rolling estimates of inflation asymmetry. These tests
further underscore the importance of accounting for time-varying skewness when tracking the
conditional distribution of inflation (see Appendix F).

Figure E1 shows the estimated dynamics of inflation volatility and skewness across the different
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Table E1: Time variation in higher order moments

Q Q N Q Q N
Core PCE Headline PCE
Homoskedastic

Shape  367.31"**  371.60"*  4.18" 303.820™*  307.370***  6.460***

Heteroskedastic

Scale*  369.36***  373.67*  1.50"** 566.190***  572.800***  2.330***
Shape  35.65*** 36.07  0.79™ 148.610"*  150.350***  1.890***

Core CPI Headline CPI

Homoskedastic

Shape  840.710***  850.480***  3.290*** 407.600"  412.340***  4.220***

Heteroskedastic

Scale*  556.980**  563.460***  3.810*** 730.210"*  738.700***  3.430***
Shape 185.210** 187.360***  3.260"** 183.040"*  185.160**  2.150***

GDP Deflator

Homoskedastic

Shape  637.470**  644.910"*  5.690"**

Heteroskedastic

Scale?  597.120**  604.090***  4.050***
Shape 154.150***  155.950***  2.780***

Note: Q is the portmanteau test, Q* is the Ljung-Box extension (with automatic lag selection) and N corresponds
to the Nyblom test. Q and Q* are distributed as a x?, while N is distributed as a Cramer von-Mises distribution
with 1 degree of freedom. * p < 10%, ** p < 5%, *** p < 1%.

measures, highlighting in blacks that of core PCE. Two comments are in order. First, the dynamics
of the two moments is extremely similar for all measures. With varying magnitudes, volatilities
spike around recessions, and remain persistently high soon after. Skewness follow humped-shape
patterns in the 1970s and 1980s, then moving downward since the 1990s, remaining negative until
the pandemic period. Second, it’s important to note that, among all these measures, core PCE

shows the least variation in both volatility and skewness, appearing to be the more stable measure

of price dynamics.
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Figure E2: Estimated mean for different inflation measures

Note: The panels report the estimated total (black) and long-run (green) mean for: (a) GDP deflator, (b) headline
PCE, (c) core CPI, and (d) headline CPI. ray shaded areas represent NBER recessions.

Based on previous results, we also report the estimates for the time-varying moments of the

four measures.
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Figure E3: Estimated volatility for different inflation measures

Note: The panels report the estimated total (black) and long-run (green) volatility for: (a) GDP deflator, (b)
headline PCE, (c) core CPI, and (d) headline CPI. ray shaded areas represent NBER recessions.
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Figure E4: Estimated skewness for different inflation measures

Note: The panels report the estimated total (black) and long-run (green) skewness for: (a) GDP deflator, (b)

headline PCE, (c) core CPI, and (d) headline CPI. ray shaded areas represent NBER recessions.
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Table F1: Time variation in higher order moments

Q Q N Q Q" N
Homoskedastic Heteroskedastic
Scale? 369.36*** 373.67** 1.50***

Asymmetry 367.31°  371.60"* 4.18** 35.65"*  36.07*  0.79"

Note: Q is the portmanteau test, Q* is the Ljung-Box extension (with automatic lag selection) and N corresponds
to the Nyblom test. Q and Q* are distributed as a x?, while N is distributed as a Cramer von-Mises distribution
with 1 degree of freedom. * p < 10%, ** p < 5%, *** p < 1%.

F  Additional results

Table F2: Out-of-sample comparison - Student t

h=1 h=2 h=3 h=4 h=38

MSFE 0.839 0.854 0.908 0.942 1.008
(0.085)  (0.051)  (0.081)  (0.129)  (0.782)

CRPS 0.938 0.950 0.960 0.959 0.996
(0.074)  (0.077)  (0.081)  (0.074)  (0.331)

CRPS decomposition

Right 0.927 0.914 0.935 0.936 0.981
(0.109)  (0.075)  (0.099)  (0.074)  (0.116)

Left 0952 0982 0.986 0.983 1.009
(0.088)  (0.258)  (0.197)  (0.200)  (0.808)

Center 0.936 0.953 0.960 0.960 0.999
(0.058)  (0.117)  (0.041)  (0.060)  (0.476)

Note: The table report the relative performance of a ¢ model against our Skt model. Results are reported in ratios,
with our model being at the numerator; values smaller than 1 imply superior predictive accuracy of the SKt model.
The out-of-sample period runs from 2000Q1 to 2024Q2. Values in bold are significant at the 10% level.
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Table F3: Out-of-sample comparison - o = 0, Vt

h=1 h=2 h=3 h=4 h=38

MSFE 0.832 0.884 0.906 0.966 1.055
(0.081)  (0.115)  (0.057)  (0.190)  (0.997)

CRPS 0947 0.961 0.962 0978 1.024
(0.116)  (0.153)  (0.075)  (0.166)  (0.983)

CRPS decomposition

Right 0.928 0.928 0.947 0.962 1.012
(0.081)  (0.053)  (0.048)  (0.123)  (0.854)

Left 0.967 0.995 0.988 0.998 1.039

(0.242)  (0.440)  (0.339)  (0.461)  (0.994)

Center 0.946 0.961 0.954 0.977 1.024
(0.123)  (0.150)  (0.053)  (0.155)  (0.970)

Note: The table report the relative performance of our Skt model when skewness is omitted (o; = 0, V) against our
Skt model. Results are reported in ratios, with our model being at the denominator; values smaller than 1 imply
superior predictive accuracy of the SKt model. The out-of-sample period runs from 2000Q1 to 2024Q2. Values in
bold are significant at the 10% level.

Table F4: Parameters estimates for the econometric model in Section 4

Autocorrelations

¢,u ¢'y ¢6

0.990 0.853 0.803
(0.006)  (0.068)  (0.055)

Learning rates

a, b, Qry y as bs

b
0.095 0.094 0.084 0.088 0.041 0.085
(0.005)  (0.005) (0.013) (0.011) (0.011)  (0.013)

Degrees of freedom

Ui

0.130
(0.035)

Note: The table reports mean estimates of the deep parameters of the model. Parameters standard deviations are
reported in parentheses.
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Figure F1: Bai and Ng (2005) rolling tests

Note: The figure reports rolling Bai and Ng (2005) test statistics for US core PCE, using windows of 3, 5 and 10
years, and the the 68 and 90% critical values.
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