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Abstract

We develop a tractable methodology to analyze the implications of evolving asymmetric risks
in dynamic general equilibrium frameworks. Optimal policy calls for the central bank to lean
against the balance of inflation risks, thereby mitigating their influence on agents’ expecta-
tions. Using U.S. data, we show that inflation risks are time-varying and typically asymmetric.
Using a quantitative model, we evaluate how these risks affect the macroeconomy and evaluate
how a policy responding to real-time estimates of the balance of risks would have changed
U.S. macroeconomic dynamics during the post-COVID rise in upside 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

Since the pandemic, the global economy has been increasingly facing rising geopolitical tensions
and fragmentation, amplifying macroeconomic risks and raising the likelihood of future inflation
surges and deep recessions. This new environment marks a clear departure from the pre-pandemic
era, when macroeconomic risks were relatively subdued and inflation consistently surprised on
the downside. Scholars and policymakers are debating whether the shifting balance of risks gives
rise to novel challenges for macroeconomic stabilization and new policy trade-offs, as exemplified
by Gita Gopinath, First Deputy Managing Director of the International Monetary Fund, in the
opening quotation.

In this paper, we develop a tractable methodology to investigate how shifts in the balance
of macroeconomic risks affect the macroeconomy and to characterize the central bank’s opti-
mal response. The model features cost-push shocks drawn from a distribution with time-varying
skewness. Agents receive news about changes in the skewness of the distribution, shaping their
perception of macroeconomic 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.

We first apply our methodology to study optimal monetary policy in a linear—quadratic approx-
imation of the model. While symmetric changes in risk have no first-order effects on equilibrium
outcomes, asymmetric ones do because they shift agents’ expectations. In a linear model, where
expectations summarize beliefs, changes in skewness affect decisions by tilting the mean toward
one tail of the distribution. A key advantage of the linear—quadratic framework is that it allows
us to derive an analytical characterization of optimal monetary policy under asymmetric risks, to
compare it directly with the benchmark case of symmetric shocks (Clarida et al., 1999; Woodford,

2003), and to preserve tractability when embedded in a quantitative general equilibrium model.



Even when accounting for nonlinearities and higher-order risk effects, this framework remains
a good approximation for a broad class of shock distributions, including two-piece distributions as
well as multimodal distributions with a dominant mode. In such cases, global solution methods
applied to the standard New Keynesian model show that both the Phillips curve and the consump-
tion Euler equation remain close to linear over the relevant region of the state space. As a result,
our approach provides a useful benchmark for analyzing the implications of asymmetric risk for
optimal monetary policy and its macroeconomic effects across a wide range of environments.

We find that optimal monetary policy requires central banks to actively counteract inflation
risks arising from asymmetric cost-push shocks. This approach reflects the need to counter the
deanchoring of inflation expectations from the central bank’s target induced by the asymmetric
distribution of shocks. When positive cost-push shocks are expected to become more likely, inflation
expectations tend to rise above the central bank’s target. In response, the optimal policy involves
a preemptive tightening to anchor expectations and contain inflation risks. Conversely, when the
likelihood of negative cost-push shocks increases, the central bank should ease monetary policy to
stimulate aggregate demand and raise inflation expectations, offsetting the disinflationary effects.

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. Specifically, we propose a model capable of estimating and pre-
dicting the evolving asymmetry in inflation risks in real-time. Our analysis identifies statistically
significant and frequent shifts in the balance of inflation risks throughout the postwar period, often
following persistent, regime-like patterns. We validate the model by showing that incorporating
time-varying skewness into inflation forecasts significantly enhances out-of-sample accuracy com-
pared to standard benchmark models (Stock and Watson, 2007), achieving predictive performance
on par with the Survey of Professional Forecasters (SPF).

Moreover, inflation skewness appears to be driven by supply-side disturbances and closely

comoves with measures of international fragmentation (Fernandez-Villaverde et al., 2024), declining



during globalization and rising with recent fragmentation and geopolitical tensions. These patterns
suggest that shifts in global trade are key drivers of inflation risk, motivating our approach of
modeling time-varying risks as evolving news about cost-push shocks.

We then leverage the tractability of our linear approach to solve a quantitative structural
model in the spirit of Christiano, Eichenbaum, and Evans (2005) and Smets and Wouters (2007),
augmented with skewed cost-push shocks. The model is calibrated to replicate the real-time balance
of inflation risks by constructing a sequence of news shocks that match the empirical impact of
estimated real-time revisions to inflation skewness on inflation expectations. In a first exercise,
we analyze the macroeconomic effects of the surge in upside inflation risks following the Russian
invasion of Ukraine. The model predicts that this upward shift in the balance of inflation risks
created substantial stagflationary headwinds for the U.S. economy. Specifically, it contributed to
a peak decline of 70 basis points in hours worked and a maximum increase of 45 basis points in
inflation over the subsequent two and a half years.

In a second exercise, we introduce a novel monetary policy strategy—Risk-Adjusted Inflation
Targeting (RAIT)—designed to offset the effects of inflation skewness on agents’ expectations and
restore their anchoring. RAIT calls for the central bank to adjust its communication about the
future path of policy rates in response to shifts in the balance of inflation risks; in the model,
these adjustments fully neutralize the impact of asymmetric risks on expectations, ensuring that
long-run inflation expectations remain anchored at the target in every period.

We compare the counterfactual dynamics of key macroeconomic variables under RAIT to those
observed in the data in the post-Covid period. We find that RAIT implies a three-phase strategy.
In the first phase (2021Q2 to 2022Q3), the central bank tightens earlier than observed in the
data, raising the interest rate sooner. Furthermore, strong forward guidance signals a sustained
tightening cycle ahead. An initial, stronger stance prevents inflation expectations from drifting
upward. In the second phase (2022Q4 to 2023Q4), as the tightening cycle continues, forward
guidance starts signaling the end of future rate increases. In the third and last phase (2024Q1
to 2024Q4), once inflation risks are tamed, policy normalization begins, accompanied by neutral

forward guidance, thereby lowering the expected path of future policy rates.



Literature Review This paper contributes to the literature on optimal inflation targeting (Gi-
annoni and Woodford, 2004) by examining the empirical effects of strategies like RAIT. 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 infla-
tion targeting. Our main innovation is to formulate the optimal policy problem in an environment
where the balance of macroeconomic risks evolves stochastically.! Unlike most of the forecast
targeting literature, which often limits policy to reacting to current or lagged variables, our ap-
proach allows the central bank to respond to forward-looking endogenous variables—capturing the
dynamic interaction between policy, expectations, and evolving risk perceptions.

Our work also connects to the growing literature highlighting the role of news, sentiment, and
noise shocks in driving macroeconomic dynamics (see, e.g., Angeletos and La’o, 2010; Chahrour
and Jurado, 2018). We show that the first-order effects of changes in risk asymmetry can be equiv-
alently represented as sentiment or pure noise shocks, altering expectations without necessarily
materializing. Focusing on cost-push shocks, we emphasize how belief-driven distortions shape
inflation expectations and matter for the design of optimal monetary policy.

Evans et al. (2020) show that uncertainty around the ZLB calls for looser monetary policy
and a delayed liftoff, and provide evidence that the Federal Reserve frequently incorporates risk
management in setting rates. Bianchi et al. (2021) argue that an asymmetric policy strategy can
offset the deflationary bias from the risk of repeatedly hitting the ZLB. Unlike these studies, we
focus on how central banks should respond to broader shifts in the balance of macroeconomic
risks—not limited to the ZLB. Our contribution is to show how time-varying asymmetric risks can
be embedded within a structural model, allowing for the explicit analysis of monetary strategies
that target inflation risks directly.

Our paper also contributes to the literature on inflation forecasting, which has largely focused
on slow-moving trends and time-varying uncertainty (see, e.g., Cogley and Sargent, 2005; Stock

and Watson, 2007; Faust and Wright, 2013; Ascari and Sbordone, 2014). Far less attention has

ISvensson (2003) discusses how central banks should implement their reaction functions in the presence of
unbalanced macroeconomic risks, reviewing and critiquing practices such as the Bank of England’s choice to display
the mode rather than the mean in fan charts for output and inflation. These critiques have been recently echoed
by Bernanke (2024).



been paid to asymmetries in inflation risk. Notable exceptions include Andrade et al. (2014),
Mouabbi et al. (2025) and Hilscher et al. (2022), who use survey and options data to assess tail
risks. In contrast, we develop an econometric model for the full predictive density of U.S. core
PCE inflation that explicitly accounts for asymmetry via a Skew-t distribution (see Arellano-Valle
et al., 2005). Our framework adopts the score-driven approach of Harvey (2013) and Creal et al.
(2013), as in Delle Monache et al. (2024), to allow time variation moments of inflation. This
sets our work apart from other full-density inflation forecasting models (e.g., Manzan and Zerom,
2013, 2015; Korobilis et al., 2021; Le Bihan et al., 2024), which mainly rely on quantile regressions
and assume risk evolves linearly with known predictors. Notably, Lopez-Salido and Loria (2024)
document variability in the tails of inflation linked to financial and macroeconomic conditions.
These studies, however, focus on shorter time periods, often omitting the high-inflation episode of
the 1970s, and do not relate asymmetric inflation risks to macroeconomic dynamics and optimal

policy within a structural DSGE framework.

Structure The remainder of the paper is organized as follows. Section 2 explains how shifts
in risk affect macroeconomic allocations in a general DSGE framework and introduces the beliefs
representation of a model with asymmetric risks. In Section 3, we characterize optimal monetary
policy within a New Keynesian model featuring asymmetric macroeconomic risks. Section 4 pro-
vides empirical evidence on the relevance of inflation skewness in the U.S. In Section 5, we calibrate
the beliefs representation of a quantitative DSGE model to match the estimated balance of risks

from the econometric model and conduct policy counterfactuals. Section 6 concludes.

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.

The set of models to which our methodology can be applied is very broad. We impose only two
core assumptions. First, agents are assumed to expect the distribution of shocks to be symmetric
in the long run, so there is no need to account for a risky steady state. Consequently, the only
relevant steady state around which the model is log-linearized is the deterministic (or non-risky)
one, which remains unaffected by short-term fluctuations in the skewness of the shock distribution.
Second, 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). A key feature of these unimodal distributions is that
the mode is not affected by perturbations in the asymmetry of the density. 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.

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 + Abthl + :BSG%g + bGE?. (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(m,, 04, 04), where m, denotes the mode, o, the scale, and



0, an asymmetry parameter that measures the degree of skewness.? Without loss of generality,
the mode m, can be set to zero, as it can be absorbed into the definition of the steady state.?
For o, > 0 (0. < 0), 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) m are more likely than those
above (below) it.? In Appendix A.1, we derive the log-linear system in Equation (1) as a first-order

Taylor expansion around the steady state of the full nonlinear model with skewed shocks.

Time-varying asymmetric risk. In the class of two-piece distributions, o is proportional to the
Pearson’s coefficient of skewness. That is, the wedge between the expected value, p, and the mode
mg (the mean-mode wedge, for short), implies the linear mapping p = mg, + 30,04, with ¢ > 0.
The exact definition of s depends on the specific functional form of the skewed distribution.’

A distinctive feature of our analysis is the assumption that the asymmetry parameter of the
distribution f, denoted o, 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; i.e., E(g4+) = 0. The other
parameters, mode and scale are held constant, with the mode set to zero without loss of generality.

These restrictions can be relaxed, but are maintained in the interest of analytical tractability.®

Agents beliefs. Agents are rational and perfectly informed. They know the parameters in
Equation (1), the history of the realized shocks, and the shock distributions, including the mode
m, the scale o, the past and current realizations of the asymmetry of f.

In every period t, agents receive news about the future evolution of the distribution’s asym-

2While 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.

3Recall that the distribution of shocks, €¢, is expected to become symmetric in the long run. As a result, the
long-run mean and mode of €} coincide.

Let r = f;o fdx/ finoo f dx be the ratio of probability mass right and left of the mode. Then, ¢ = :f& e (—-1,1).

For a Skewed-Normal distribution, s = \/2/7. For the Skewed-¢ distribution—used later in the paper—s
depends on the degrees of freedom (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).

SIntroducing stochastic variation of the mode would not alter any results of this Section, provided that these
changes do not completely offset the effects of skewness on the expected value of the shocks. In the empirical
analysis, we will jointly estimate the evolution of the three parameters of the predictive distribution of inflation.




(a) Distribution shift (b) Revisions to the mean-mode wedge
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Figure 1: Agents’ revision and shock distributions

Note: The figure illustrates the relation between agents’ revision to shock asymmetry and the implied shock
distributions. The left panel reports the change in the implied distributions for the asymmetry shocks. Positively
(negatively) skewed distributions are colored in green (red); symmetric distributions are reported in blue. The right
panel show the implied revisions to agents’ beliefs about the asymmetry of macroeconomic shocks.

metry, gq:, which is the stochastic parameter governing the mean-mode wedge (@ — m,). For
each horizon j € {1,...,J}, agents observe the signal s{ = Oa,t+j —H]{ , Where n{ denotes zero-mean
noise that is orthogonal to future realizations of the asymmetry parameter, and update their beliefs
about future risks.

An example of such revisions is shown in the left panel of Figure 1. In this scenario, agents
receive positive news about a temporary increase in the asymmetry of the future shock distribution,
leading them to anticipate upside risks up to J periods ahead. The left panel illustrates the
sequence of shock distributions from the next period until the point at which risk returns to
symmetry. As upside risks become more likely, the distributions become right-skewed (green
curves); as the news fades, they gradually revert to symmetric distributions (blue curves). The
right panel reports the corresponding shifts in the asymmetry parameter for the J future shock
distributions. The increase in upside skewness tilts the balance of risks upward, leading agents to

expect positive future shocks, even though the most likely realization remains zero at all horizons.

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



try parameter j periods ahead. We denote these iid updates as Qit = Fi0ai+i — Ei—10a,t+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, = @1z, 1+ O [€ /] + O, Z @gc_l@zEEtE?Ha (2)

J=1

where & is a selection vector, and the matrices Oy, O, O, 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, g,.+;, affect equilibrium outcomes as they lead agents to revise their expectations
about the future realizations of the shocks Fiej, ;.

While the first two terms on the right-hand side of Equation (2) are standard, the third term
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 €f, ;, or
if the news leads to the belief that shocks will be symmetric (E0,4; = 0,V7), the expected value
of future asymmetric shocks is zero. As a consequence, the third term on the right-hand side of
Equation (2) drops out, and the solution simplifies to the familiar form: z, = ©,z,_; + O [€} €7]".

Proposition 1 highlights that, when agents expect asymmetric shocks over the forecast horizon,
the expected outcomes diverge from the modal forecast, z;;; = @{zt, 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

9



given by

Ere}, ;= 304E0a,+;- (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 revisions in expectations about future shocks,
Le., el — Eya1€f ;= %aagit. Thus, even though the most likely outcome (the mode) remains
unchanged, a shift in the balance of risks prompts an immediate adjustment in current equilibrium

allocations and expectations:
Bz — By 1z = M(j7 h)%Uan,u h >0, (4)
where M(j, k) is a convolution of the system matrices in Equation (2).

Alternative specifications for asymmetric risks. It is important to highlight that our focus
on the family of two-piece distribution is mainly dictated by convenience. Our framework holds
more generally for a broader class of distributions that includes multimodal densities with one
dominant mode; see Appendix B for a formal proof. Within this class of distributions, the Pearson’s
coefficient of skewness, defined as the wedge between the mean and the mode, scaled by the
dispersion of the distribution, remains a sufficient statistic to capture the first-order effects of

changes in the asymmetry of the distribution.

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. The key advantage of
this representation is that it can be solved using off-the-shelf, standardized solution techniques.

This representation preserves the linearized equilibrium laws of motion that characterize the

10



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, we define the realizations of asymmetric shock as the sum of past

news shocks and current shock:
J
6? = Z Sofz,t—j? (5)
=0

where ¢ 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 goit match the revisions in expectations reqarding the asymmetry of the

distribution of future shocks at each horizon:

Jo_
o = Er€aryj — Er1€at4j
= M0, (EtQa,t+j - Et—lQa,t+j)

= 30,00, Vi€l J, (6)

where int denotes agents’ revision about expected risk asymmetry after observing the signal, s{, n

the actual model. (ii) The surprise dummy shock must satisfy the following condition

J
) = €qs — Z 1, Vt. (7)
j=1

Proof. As per Equation (3), changes in the expected evolution of the asymmetry affect equilib-
rium outcomes only through their impact on expectations about future shocks. Condition (¢)
ensures that the dummy belief shocks replicate the same impact of anticipated asymmetry on the
expectations Eye, ;. Condition (ii) ensures that, in every period, the realization of the shock €,

exactly matches that in the actual economy. These two conditions guarantee that the beliefs rep-

11



resentation replicates the structure of the actual economy, the realizations of shocks, and agents’
expectations about future realizations of asymmetric shocks. As a result, its equilibrium outcomes

satisfy Equation (2) in Proposition 1. Detailed derivations are available in Appendix A.4. ]

Proposition 2 establishes the key result that the beliefs representation is isomorphic to an
economy in which agents receive news reagrding the evoving balance of risks. Hence, owing to its
tractability, solving the belief representation allows to easily derive the equilibrium laws of motion
of the actual economy in Equation (2). It is worth noting that standard solution techniques for
linear rational expectations remains effective even when the signal extraction problem may lead
to non-Gaussian revisions to expectations of future shocks. These solvers typically do not restrict
the stochastic process of the shocks beyond the iid and mean zero assumptions, which are not
restrictive in most cases.

In the belief representation, shocks are related to revisions in expectations about the asymmetry
of future shock, as shown in Equation (6). Hence, these shocks are iid, in line with rational
expectations models, where revisions to expectations about future shocks are unpredictable.

The beliefs representation can be used to study environments where agents receive news about
future risks, conveyed through changes in the scale and asymmetry of future 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 the asymmetry depends on the scale of the distribution:
a shift in skewness has a larger impact on expectations when uncertainty is high (i.e., when o, is
large). Likewise, when distributions are skewed, changes in uncertainty influence mean outcomes,
even when asymmetry is unchanged. The direction and magnitude of these effect depend on the

sign of the skew.

2.3 How good is the belief representation?

The beliefs representation offers a convenient way to characterize the first-order effects of shifts
in risk asymmetry. A natural question is how accurate this approximation remains when higher

moments of the distribution of future shocks change. To address this issue, we study a small-scale
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Figure 2: Non-linear propagation and the belief representation

Note: The three panels report the response of the output gap, inflation and the interest rate to a positive anticipation
shock about forthcoming upside risks to inflation. We compare the propagation in a fully non-linear model (purple),
solved with global methods, against the belief representation (orange). The shock size is adjusted within the two
models to generate effects of the same size.
model with nominal frictions in the form of sticky prices, allowing agents to form expectations
about future shocks with asymmetric risk. For illustration, we consider a scenario in which agents
revise their beliefs about the shock occurring in the next period. An increase in perceived upside
risk raises expected future shocks, while the most likely outcome remains zero—that is, skewness
changes while the modal outcome is unchanged. Further details on the model and its computational
implementation are provided in Appendix C.”

Figure 2 reports the responses of the output gap, inflation, and the interest rate computed us-
ing a global solution method (purple), against the first-order approximation implied by the beliefs
representation of anticipated upside risk (orange), constructed as in Proposition 2. Expected up-

side risk in marginal costs leads price-setting firms to partially incorporate these risks into current

prices, raising inflation and compressing the output gap. The central bank, following a standard

“Implementing this exercise requires specifying a time-varying distribution of future shocks. Allowing skewness
to evolve continuously across multiple horizons would greatly expand the state space, rendering a fully nonlinear
solution computationally infeasible.
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Taylor rule, responds by tightening monetary policy to contain inflationary pressures. Impor-
tantly, the nonlinear responses closely overlap with those generated by the beliefs representation.
Appendix C.5 shows that the correspondence between the nonlinear solution and its first-order
approximation holds for alternative specifications for asymmetric risks.

This finding suggests that nonlinearities in the consumption Euler equation and the New Key-
nesian Phillips curve are limited, so that the effects of asymmetric risks are largely captured by
first-order terms. Consequently, incorporating higher-order terms in standard New Keynesian
models appears to add little. Taken together, these results highlight the general validity and ver-
satility of the beliefs representation for studying the macroeconomic implications of time-varying

balances of macroeconomic risks.

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 the textbook New Keynesian model with sticky prices. We first
review 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 D.

3.1 The case of symmetric risks

Let us assume that the central bank can fully commit, with credibility, to a policy plan by select-
ing a state-contingent sequence of inflation deviations from its target and output gaps, {7, &:}:°,,
to minimize the loss function —3FEy Y2, 5" (7 + o @7), subject to the sequence of constraints
given by the Phillips curve, 7, = BEymi1 + k2 + ug. We further assume that the cost-push shock
follows u; ~ iid N'(0, o), implying symmetric risks.®

Under the optimal policy, the central bank sets the output gap proportional to the deviations

of the price level from its implicit target: z; = —==p;, where p; = p; — p_1 denotes the cumulative

8All variables are expressed in log-deviations from their steady-state value. The objective function is the
quadratic approximation of the household’s utility function, with weight on the output gap o, = k/e, where ¢
denotes the elasticity of substitution and « is the slope of the Phillips curve.

14



inflation rate from the period preceding the implementation of optimal plan. This 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 optimal policy, the price level evolves according to

Pt = MPi—1 + Aug, (8)

and the corresponding optimal monetary policy rule is given by

=== 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. Assume that the shock follows u; ~ iidf(0, 0y, 0u+), where f(0, oy, 04+) denotes
a general two-piece distribution centered at zero. The asymmetry of the distribution evolves over
time, as agents update their views about the balance of risks, driven by g, # 0. As a result, the
expected value of future shocks reflects changes in perceived asymmetry. While the mode—the
most likely outcome—remains at zero, the mean shifts with asymmetry: Et,; = 20, E; 00414,

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
risk to be symmetric. 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 Eyt;41 = 0, L0y 41, While i ; = 0,Vj > 1. Moreover, since 0,41 = Q%Hl + 9111715’
and assuming agents do not anticipate further revisions in asymmetry (i.e., Etg?m +1 = 0), it follows
that Fyy 1 = %aug}m, where Q}m = Fiout+1 — Ei—10u141. Expectations of future shocks therefore

reflect the latest update in perceived risk asymmetry.
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As discussed in Section 2.2, 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. Specifically, we introduce a tilt in
agents’ beliefs, Ey(Uy1) = pri11, with beliefs evolving over time according to ¢r41 = @) + ¢f_;.
Setting ¢; = x040,,, 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.

The optimal policy retains the form: z; = — =P but both the price level and the output gap
are now influenced by shifts in risk. Specifically, their equilibrium dynamics under this policy can

be characterized analytically as follows:

Pe = NPe—1 + Mg + Cop (10)

Macroeconomic risks create a wedge between agents’ expectations and the modal scenario—that
is, the expectations they would hold under symmetric risk. As a result, positive (negative) shifts
in the balance of risk lead to upward (downward) movements in prices, as firms incorporate upside
(downside) risks to future costs into current pricing decisions (since ¢ o o, ,).”

The optimal policy requires the central bank to respond to the effects of the changing balance
of macroeconomic risks on agents’ expectations:

h=—(1—-n) {1—0@%] B+ {1—0%] Al (11)

The first term represents the optimal rule under symmetry, while the second captures the policy

rate adjustment required to offset the effects of the balance of risks on agents’ expectations.

9The output gap moves in the opposite direction, reflecting the trade-off induced by cost-push shocks: &; =
nae—1 — 2 [Mue + Cotl.
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3.3 A illustrative example

We now illustrate the role of optimal monetary policy in the presence of asymmetric risks.”
Assume the economy is initially at its steady state. In period ¢ = 0, agents receive news that
the distribution of cost-push shocks in period ¢ = 1 will be positively skewed. This upside risk
is captured by a dummy anticipated shock ¢j = 0.8. In period ¢ = 1, a positive cost-push shock
materializes, with €} = 0.8, while all other periods feature symmetric shocks with zero mean. The
path of the cost-push shock and the evolution of agents’ expectations, represented by ¢}, are shown
in the bottom-right panel of Figure 3.

Results of this simulation are shown in Figure 3. The symmetric risks case is represented by
the black solid line, where we set the skewness to zero (i.e. ¢; = 0 in every period t). In the
asymmetric risks case, where the central bank is aware of the balance of risks (blue dashed line
with circle markers), the distribution of markup shocks exhibits negative skewness.

The period-by—period effects of skewness on agents’ expectations about next period’s cost-
push shocks are illustrated by the blue dashed line with circle markers in the bottom-right panel.
This line shows the dynamics of the anticipated shock ¢; in the beliefs representation. Since
the distribution of shocks is negatively skewed only in period 1, the effects on expectations arise
exclusively in period 0, as indicated by the spike in the green line during the first period.

To ease exposition and build intuition, we further consider the case in which risks are asym-
metric but the central bank does not take this into account (an unwitting central bank), while the
private sector does. This case is defined and analyzed in Appendix D.

The effects of the optimal monetary policy response to asymmetric risks on macroeconomic
variables are captured by the difference between the blue dashed line with circle markers and the
red dashed—dotted line, which represents the asymmetric case with an unwitting central bank, in
the left panels of Figure 3.

In period 0, the unwitting central bank chooses the same output gap as in the symmetric
case, as it aims to achieve the price level that would prevail under symmetry. However, agents’

expectations are distorted by the positive skewness in the distribution of markup shocks for the

10Model parameters follow Gali (2008, Chapter 3) and are reported in Appendix D.
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next period. As a result, the targeted price level becomes unattainable, and the equilibrium price
level rises due to the upward shift of the New Keynesian Phillips curve, reflecting higher expected
inflation in period 1 induced by skewed risks.

When accounting for positive inflation risks, the central bank optimally leans against them by
contracting the output gap z;, lowering the price level p,. The gap relative to a policy that ignores
such asymmetries reflects the contractionary response to the shift in upside inflation risks.

In period 1, a positive markup shock actually materializes in both the symmetric scenario and
the asymmetric scenario. Also, from this point on, agents understand that shocks are drawn from
a symmetric distribution in both of the cases considered here. It should be noted that the earlier
shift in the balance of risks leaves persistent imprint on macroeconomic outcomes due to the path
dependence induced by optimal commitment.

In the upper-right panel, we show the implementation of the optimal policy strategy, which
requires the central bank to raise the interest rate and induce a recession in order to counter the
shift to the upside in cost-push risks.

In summary, when risks are skewed, the optimal policy leans against the direction of asymmetry.
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. More generally, symmetric risk delivers higher welfare, highlighting

the challenges that asymmetric risks pose for monetary policy.

4 An econometric framework for inflation risk

Having established that changes in the balance of inflation risks warrant a policy response, the
practical relevance of this insight rests on the central bank’s ability to monitor these risks over
time. We introduce a time series model to estimate time-varying predictive densities of inflation in
real-time. Building on standard unobserved components frameworks (see, e.g., Stock and Watson,
2007), the model incorporates time-varying skewness in the inflation distribution. We show that
considering changes in the asymmetry of risk improves out-of-sample forecast accuracy, highlighting

the value of higher-order moments in understanding and predicting inflation risks. The model is
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Figure 3: 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 red line denotes a coun-
terfactual case where risks are asymmetric but the central bank does not take that into account and targets an
unattainable price level pf (red stars). The lower right panel shows the cost-push shock, u; (black), which hits the
economy in period t + 1, as well as the anticipated skewness (i} ), in green.

estimated using quarterly data on US core PCE inflation, from 1960Q1 to 2024Q4.

4.1 Model specification

Let m; = 4001og(p;/pi—1) denote the annualized, quarter-on-quarter (core) PCE inflation rate,
and assume that at each point in time the distribution of m; can be characterized by a Skew-t

(Skt) distribution with time-varying location (my), scale (o), and shape (g;) parameters:

Ty ~ Sktu(mtaafagt)v (12>

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
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scenario (mode), my, can be retrieved as o;(1 — g;) and o4(1 4+ ¢;). This specification allows as
special cases: (i) the symmetric Student-t distribution when o; = 0, (77) the epsilon-Skew-Gaussian
for v — oo, 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. Specifically, let §, = log(o;) and
v = arctanh(g;), we postulate that each element f;, of f; = (my,d;, )" features a permanent and

transitory component: f;; = fi; + fi+, which evolve as'!

fix = Figm1 + aisiz, (13)

fir = Gifia—1 + bisia1. (14)

Updates of the time-varying parameters are proportional to s;_1, which is the scaled score of the
conditional distribution (as in Creal et al., 2013; Harvey, 2013).'2

Intuitively, the score vector maps the new information contained in the latest data release —
summarized by the prediction error, ¢, = m; — m; — into updates of the time-varying parameters
that characterize the predictive distribution of inflation. The learning-rate parameters, a; and b;,
govern the strength of these updates.

In a Gaussian environment, updates of the location resemble standard Kalman-filter learning,
in which parameter adjustments are proportional to the prediction error. The scale is adjusted
with respect to its unit expected value; it increases (decreases) when above (below) one. Allowing
for fat tails further renders the updating mechanism robust to large, unanticipated errors (see,

e.g., Delle Monache and Petrella, 2017; Antolin-Diaz et al., 2024).

HMeasures of model fit (such as the ones introduced by Newton and Raftery, 1994; Spiegelhalter et al., 2002)
favors the permanent-transitory decomposition over specifications which only features transitory components.

12The scaled score vector, s; = (Sy.t, So.t, Sp.t)’, is defined as s; = §;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)

13 Appendix F provides detailed derivations of the score and the updating equations for the time-varying param-
eters of the model.
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Figure 4: Time-varying asymmetric risks of Core PCE inflation
Note: The Figure plots the estimated time-varying skewness of U.S. core PCE inflation, along with 68% and 95%

credible intervals. Vertical lines indicate key events of rapidly changing inflation skewness. Gray shaded areas
indicate NBER recessions.

When asymmetry is introduced, the updating mechanism weights prediction errors differently
depending on their sign and magnitude. Small standardized prediction errors are interpreted as
information about the central scenario and lead to only minor revisions of the shape parameter.
In contrast, large deviations from the central forecast are taken as evidence of a shift in the
balance of risks, prompting updates to the asymmetry parameter in the direction of the surprise.
Consistent with this mechanism, large deviations of inflation from the expected central scenario
induce adjustments in skewness that mirror the sign 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 F for additional
details. An extensive Monte Carlo exercise, reported in Appendix G, demonstrates that the pro-
cedure detects skewness only when it is present and remains robust to (changing) correlations

between location and scale.
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4.2 Time varying skewness of inflation risk

The estimated model provides new insights into the time-varying stochastic properties of the
inflation process. While much is already known about the mean and variance of inflation (see, e.g.,
Stock and Watson, 2007), our approach sheds light on the dynamics of inflation skewness.*

Figure 4 reports the estimated time-varying skewness of inflation. Movements in skewed infla-
tion risk are closely aligned with major shifts in the macroeconomic environment and are highly
persistent. Episodes associated with binding supply constraints are typically accompanied by pro-
nounced increases in upside inflation risk. The late 1960s and the post-COVID recovery—both
characterized by tight capacity and supply bottlenecks—are marked by sharp increases in positive
skewness. A similar rise in upside risk accompanies the oil price shocks of the mid-1970s, consis-
tent with large and asymmetric cost-push disturbances. In contrast, declines in upside risk and
increases in downside inflation risk coincide with episodes that constrained price adjustment or
reflected excess supply, including the introduction of wage and price controls in the early 1970s
and periods of oil market gluts, such as those observed in the early 1980s and in 2015-16.

Over the full sample, inflation skewness is moderately negative during much of the early 1960s,
turns positive in the late 1960s, and reaches its peak during the Great Inflation of the 1970s. Upside
risk declines steadily beginning in the early 1980s and continues to recede through the mid-1990s,
after which inflation risk is broadly symmetric. The Global Financial Crisis is associated with a
marked deepening of negative skewness, followed by a prolonged period in which downside risk
dominates. During the COVID-19 pandemic, skewness becomes sharply negative before reversing
rapidly as economic activity recovers. By mid-2021, upside inflation risk reaches levels comparable
to those observed in the late 1960s and during the Great Inflation.

These dynamics are also consistent with broader changes in the global economic environment.
Our measure of inflation skewness closely comoves with the trade fragmentation index constructed
by Fernandez-Villaverde et al. (2024). In particular, the decline in skewness from the mid-1980s
through the early 2000s coincides with the post—Cold War phase of deepening global integration

and the expansion of global trade and production networks, while the sharp increase after 2020

14Estimates of the time-varying mean and volatility of U.S. core PCE are broadly consistent with those obtained
from the Stock and Watson (2007, 2016) framework (see Appendix H for further analysis).
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aligns with renewed fragmentation following the pandemic and rising geopolitical tensions. This
alignment suggests that changes in the global trade environment may be one of the drivers of infla-
tion risk, consistent with the view that asymmetries in inflation outcomes partly reflect disruptions
to production and supply conditions.

Appendix H 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 asymme-
try in risk emerges as a robust feature of inflation, regardless of the price index used. Periods of
upside or downside skewed risk tend to align across these indicators. Notably, core PCE inflation
appears to exhibit a more attenuated balance of risk compared to other inflation measures.

Assessing how well our model-based measures of asymmetric risks captures changes in inflation
risk is inherently challenging, as we only observe a single realization from a time-varying distribu-
tion. While ex-post skewness can be gauged using rolling measures derived from the data, these
backward-looking estimates face important limitations. In Appendix E we show that our estimates
consistently lead the rolling measures by about two quarters, providing a timely and reliable signal

of changes in the balance of risks—a key advantage for monitoring the evolution of inflation risk.

4.3 Expected value under asymmetry

A defining feature of any skew-distribution, p(w|my, oy, 0;, 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 (12), one can show that Vh > 0

Eymiin = / T X p(T[ My, Otins O, V)T = Myyn + g(V) 0t 1m0t 1n (15)
R —_——
Yitn
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 (i.e. the mode of the distribution, m,), and the expected
value. This wedge has the same sign of the prevalent asymmetry and is quantitatively in more

uncertain periods (i.e. when oy, is large). When risk is skewed to the upside (i.e. g > 0), an
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Figure 5: Inflation mean decomposition

Note: The figure report the decomposition of the model based measure of inflation expectations, reported in
Equation (15). The total expectation (in black) is decomposed into a central scenario (1, cyan) and the tilt
induced by the balance of risks (¢, purple).

increase in risk corresponds to rising inflation expectations. Conversely, when risk is negatively
skewed (i.e. g;4n < 0), an increase in risk results in a decline in expected inflation.

Figure 5 illustrates the decompositions of model based inflation expectations into a central
scenario (the most likely expected outcome) and the tilt induced by the balance of risks around
it, ¥, which is itself a function of the skewness, based on Equation (15).

Inflation risk significantly influences inflation expectations, especially in periods of high infla-
tionary pressures and price volatility. The high labor costs and rising interest rates of the 1970s and
1980s are consistent with a prevalence of upside risks to inflation. Similarly, recent supply chain
disruptions and geopolitical tensions could be associated with positive balance of risks estimated
in the last 3 years of the sample.!® Negative skewness contributed to a downward bias in expected
inflation during the decade leading up to the COVID pandemic. Most of the post-Great Financial

Crisis period has been characterized by the recurrence of zero lower bound spells, associated to

15De Polis et al. (2023) relate the dynamics of inflation moments to macroeconomic and financial predictors,
suggesting that a mix of fiscal and monetary related factors account for the largest share of predictability.
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Table 1: Real-time out-of-sample comparison

CRPS Decomposition Event Forecasts

MSFE CRPS Right  Left Center Tpap < 1.5 1.5 < myyp > 2.5 mpp > 2.5

h=1 0969 0.995 0.998 0.992  0.995 0.956 0.966 0.967
(0.011)  (0.333) (0.424)  (0.186)  (0.364) (0.001) (0.004) (0.001)
h=4 0925 0.958 0.979 0940 0.954 0.981 0.981 0.987
(0.000)  (0.001) (0.052)  (0.000)  (0.000) (0.107) (0.115) (0.064)
h=8 0884 0.927 0.939 0.921 0.920 0.975 0.970 1.007
(0.000)  (0.000) (0.000)  (0.000)  (0.000) (0.074) (0.014) (0.702)

Note: The table report the relative performance of Stock and Watson (2007) UCSV model against our Skew-¢
model. Results are reported in ratios, with our model being at the numerator; values smaller than 1 imply superior
predictive accuracy of the Skew-¢ model. The out-of-sample period runs from 2000Q1 to 2024Q4, and observations
are collected from real-time vintages. Values in bold are significant at the 10% level.

strong deflationary concerns (see, e.g. Adam and Billi, 2007). However, remarkably low inflation
volatility during these years 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.

4.4 Out-of-sample evaluation

In this section we provide a full scale evaluation of the out-of-sample forecasting performance
of our model. 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.'6 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 E.

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

16We start the exercise in 2000Q1 due to the availability of real-time data vintages.

1"The 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 3% at short horizons to
10% over the medium term, where p-values for the Diebold and Mariano (1995) test are provided
in parentheses. Improvements of up to 7% are observed in CRPS scores. Substantial gains are
also reported for the predictions of events where ;. is lower than 1.5%, greater than 2.5%, or
falls within these thresholds. 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 and overlooks the presence of fat
tails in the data. Replicating the exercise using a specification that excludes asymmetry (similarly
to Delle Monache and Petrella, 2017) confirms the importance of incorporating skewness to improve
model fit and inflation forecasting accuracy (see also Mouabbi et al., 2025).18

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 our real-time forecasts perform on par with the SPF.*?
Notably, for P (7rgr41 > 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, anticipating the inflation spike of the post-

COVID period.

5 Quantitative structural analysis

In this section, we assess the quantitative relevance of shifts in the balance of inflation risk using
the empirical DSGE model of Smets and Wouters (2007) augmented with asymmetric shocks. We
explore the macroeconomic implications of implementing a central bank communication strategy
aimed at anchoring expectations by offsetting the effects of asymmetric risks. Focusing on the
post-pandemic period, we compare the effects of the RAIT with those of the FAIT, currently

employed by the Federal Reserve.

8These results are reported in Table E4 in Appendix E.
19We 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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5.1 Macroeconomic effects of shifts in the balance of risk

To assess the macroeconomic impact of shifts in the balance of inflation risk, we cast the model
by Smets and Wouters (2007) into its beliefs representation, which was defined in Section 2.2. In
this representation, the model is endowed with dummy surprise and news shocks to reflecting the
revisions to expectations associated with changing risk perceptions.

We assume that time variation in inflation risk stems from changes in expectations about future
cost-push shocks.? These structural shocks are assumed to follow a Skew-t distribution with time-
varying moments. As in the theoretical model of Section 2, agents receive news about the skewness
of these shocks up to J = 20 quarters ahead.

In the beliefs representation, the inflation Phillips Curve of this model with asymmetric cost-

push shocks reads as follows:

J
Ty = M1 + o Eyty — mapy + &) + Z@i—ﬁ (16)

§=0
where pf represents firms’ mark-ups, €7 is the actual cost-push shock, and cpg_j are dummy cost-
push shock revealed at time ¢ — j and expected to materialize j periods ahead. These dummy
shocks tilt the expected path of future shocks to capture the effects of changing skewness on
expectations. In this representation, the model can be solved with off-the-shelf methods for linear
dynamic models.

We use this framework to simulate the macroeconomic effects of shifts in the balance of inflation
risks. The parameter values are set to the estimates reported by Smets and Wouters (2007) based
on U.S. data. Figure 6 shows the responses of inflation, the policy rate, and hours worked to an
increase in upside risks. The magnitude of the dummy shocks, reported in the top-left panel, is
calibrated using the revisions to the balance of inflation risks estimated by the model in Section 4
around the onset of the Russian invasion of Ukraine in 2022Q1. These dummy shocks capture the

implied shift in the mean of expected cost-push shocks associated with the increase in the upside

20This setup can be generalized to accommodate alternative identification assumptions by incorporating a variety
of dummy shocks that contribute to alternative revisions in risks.
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Figure 6: Impulse response function to an increase in expected upside risk to inflation in 2022Q1

Note: The top left panel reports the path of the revisions to the expected upside risks to inflation, anticipated over
up to 20 periods. The remaining panels report the response of inflation, the interest rate and hours worked to such
revision shocks. The path of the revisions correspond to the estimated revisions in the balance of risks for 2022Q1,
just ahead of the Russian invasion of Ukraine.

risks estimated for that quarter.?!

Upside-skewed cost-push shocks increase agents’ expectations of future inflation. Forward-
looking price setters in the model respond by raising prices, resulting in higher inflation today.
The central bank responds to the heightened upside risks to inflation by tightening monetary
policy aggressively in the first year. Higher prices and tighter policy weigh on economic activity,
as reflected in the rapid decline in total hours worked. Inflation rises sharply on impact—consistent
with the typical response to markup shocks in quantitative models—before gradually declining,
slightly undershooting the target, and eventually returning to it. This pattern reflects the rich

endogenous dynamics of the quantitative general equilibrium model. After about one and a half

years, the central bank lowers the interest rate in response to subdued inflation dynamics.

21The empirical model in Section 4.2 typically generates monotonic revisions. However, one can also envision
situations where a delayed policy announcement leads to a gradual “build-up” of skewed risk.
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This example highlights that shifts in the balance of risks can have substantial and persistent
macroeconomic effects, and may elicit a nuanced monetary policy response: an initial tightening

followed by communication of a more accommodative future policy stance.

5.2 Risk-Adjusted Inflation Targeting

We now introduce a central bank communication strategy that anchors long-run inflation ex-
pectations by offsetting the effects of asymmetric risks: Risk-Adjusted Inflation Targeting (RAIT).
This strategy tilts monetary policy communication to lean against shifts in the balance of infla-
tion risks. Specifically, the central bank adjusts its projected policy rate path in response to
shifting inflation risks, signaling higher rates for upward pressure and lower rates for downward
pressure. This forward guidance strategy reflects the key insight of our theoretical model in Sec-
tion 3: optimal monetary policy should lean against upside inflation risks and should become more
accommodative when downside risks prevail.

To implement the RAIT, we add a time-varying inflation target to the monetary policy rule:

J
Te = pric1 + (1 — p) | ra@e + racATy + 1 | 71 — Zfrt*‘tfj + €}, (17)
=1

ﬁ?AIT

where 7; and ; are log deviations from steady state of the nominal interest rate and the output
gap, respectively. The coefficients are specified as in Smets and Wouters (2007). The long-run
inflation target is set at 2% per year.

The implementation of RAIT operates through forward guidance—that is, communication about

J
=1

the expected path of policy rates. To see this, the guidance shocks {ﬁt*+j| N rescaled by —(1 —
p)r=, can be interpreted as stochastic shifts in the intercept of the policy rule, thereby influencing
expectations about the future path of interest rates. Under RAIT, these shifts reflect the central
bank’s assessment of the balance of inflation risks and represent the adjustment in the reaction
function required to offset risk asymmetries. Specifically, the term 7Art*|t7 ; captures past forward-

guidance communications, which are aggregated into 7;**'". A negative (positive) value of A4
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induces the central bank to tighten (loosen) the expected future path of policy rates.??
Under RAIT, the central bank adjusts its forward guidance in response to revisions in the
balance of inflation risks. Formally, the central bank signals its intended adjustment to the future

path of the policy rate by setting a sequence {7}, j|t}j:1 such that the following condition holds:

E [mn | {el}_1] + B [mern | {1t =1] =0, (18)

for h =1,...,J, where E [my, | {xi};’zl} denotes the effect of a revision in x, j periods into the
future, on expected inflation h periods ahead. Hence, with the RAIT-based guidance, average
inflation converges to the level of inflation that would have prevailed in the absence of asymmet-
ric risk over the forecast horizon, as the effects of skewness on inflation expectations are fully

neutralized by the strategy.

Forward guidance puzzle? The RAIT can be thought of as being implemented through for-
ward guidance shocks—that is, anticipated monetary policy shocks, ﬁt*l t—;- While the literature has
identified the forward guidance puzzle—namely, the implausibly strong effects of forward guidance
in standard models—this issue does not arise here. As shown by Maliar and Taylor (2019); Del
Negro, Giannoni, and Patterson (2023); Bianchi, Melosi, and Nicolo (2024), the puzzle typically
emerges when forward guidance shocks are used to match a pre-set interest rate path, thereby
shutting down the endogenous policy response. In contrast, the RAIT relies on forward guidance
shocks to restore inflation expectations—distorted by asymmetric risks—back to target, while

preserving the endogenous feedback of monetary policy and thereby avoiding the puzzle.

5.3 Policy Counterfactual

We now present policy counterfactuals to evaluate the RAIT during the post-pandemic period.

We use the Smets and Wouters (2007) model augmented with asymmetric cost-push shocks to

22This policy can equivalently be interpreted in the model as a time-varying inflation target that responds to
shifts in the balance of inflation risks—hence the name RAIT. For instance, when the balance of risks signals upward
(downward) inflation pressure, the central bank temporarily aims to undershoot (overshoot) its target as ﬁtPthT
becomes negative (positive).
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assess how the RAIT would have changed the post-pandemic macroeconomic dynamics in the US.
As before, we set all parameters in line with the posterior estimates of Smets and Wouters (2007).
Under this calibration, the Phillips curve slope is approximately 0.03 over the 1966-2004 period,
which contrasts with more recent evidence suggesting a significantly steeper slope during the latest
inflation surge. In light of this, we set the relevant parameters to match a slope of 0.3.

The counterfactual analysis requires as input a revision in the balance of future risks. These
revisions can be based on judgment—e.g. based—reflecting the policymaker’s subjective view—or
derived from model-based estimates. We adopt the latter approach and calibrate the dummy
anticipated cost-push shocks to match the effects of revisions in the balance of inflation risks on
inflation expectations, ¥y yn)y — Yiynji—1, Where ¥y = Eymiqpn — fyqnp, estimated in real time
using the Skew-¢ model of Section 4. This requires solving a system of J + 1 linear equations in
J 4+ 1 unknowns (i.e., the dummy surprise and anticipated cost-push shocks)—a computationally
inexpensive task. The details of how to set up the system of equations are provided in Appendix I.
We only consider transitory variations in the balance of risks, effectively removing the permanent

components, to only account for deviations of risks from the steady state.

5.3.1 The RAIT in the post-pandemic inflation

The model explains U.S. data using all shocks, including the dummy shocks calibrated to match
the first-order effects of real-time changes in the skewness of cost-push shocks, as estimated by the
Skew-t model. To quantify the effects of having followed the RAIT in the post-pandemic period,
one simply needs to simulate the Smets and Wouters (2007) model using only the forward guidance
shocksbased on real-time revisions in the balance of inflation risks. This procedure is valid due to
the linearity of the model and the orthogonality of the shocks involved.

Figure 7 shows the RAIT-implied federal funds rate, core PCE inflation, and hours worked,
alongside actual data. Panel (a) displays the estimated revisions to inflation risk, {tyny —
th‘t_l},%O:l. These estimates indicate that signs of upside inflation risk began emerging since
early 2021, with sustained revisions through the end of 2023. Forward guidance under the RAIT

dynamics is designed to counteract these revisions.
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Following a sharp increase in inflation risks, the RAIT calls for a rapid tightening as early as
2021. Compared to the observed policy path, the interest rate implied by the RAIT is consistently
higher, reflecting the model’s recommendation to adopt a tighter stance earlier—whereas the Fed’s
actual hiking cycle began roughly three quarters later. Similarly, as the positive asymmetry of
inflation began to decline in 2023, the RAIT would have favored an earlier easing.

Remarkably, at the peak of the response, the RAIT prescribes a policy rate broadly in line
with the rate eventually set by the FOMC. Thus, the main difference lies in timing: the RAIT
would have initiated tightening sooner and reached its peak two quarters earlier. Under the Risk-
Adjusted Inflation Targeting (RAIT) framework, the counterfactual monetary policy response can
be understood as unfolding in three distinct phases.

In the first phase (2021Q2 to 2022Q3), the central bank tightens monetary policy earlier than
observed in the data, raising the federal funds rate (FFR) sooner and more aggressively. This
initial adjustment is accompanied by strong forward guidance signaling a sustained tightening
cycle, as represented by the red line in the top-right panel in Figure 7. In particular, the central
bank communicates the likelihood of sustained rate increases over the following three years. Such
an early, decisive response attempts to counteract the rising positive skewness in inflation risks,
and prevent inflation expectations from drifting upward.

In the second phase (2022Q4 to 2023Q4), as inflationary pressures continues to materialize and
the balance of risks remains tilted to the upside, the central bank keeps hiking rates. However,
communication regarding the future path of interest rates becomes more measured. While policy
still tightens rapidly, forward guidance begins to signal the end of the steeper hiking cycle. A
moderation in the communication allows the central bank to maintain a restrictive stance while
gradually preparing markets for the subsequent policy normalization, once inflation risks are tamed.
This strategy is consistent with our real-time estimates, indicating that inflation skewness surged
at short horizons but remained relatively anchored at longer horizons.

In the third phase (2024Q1 to 2024Q4), when inflation risks normalizes and short-term upside
pressures recede, the central bank begints her transition toward full policy normalization. In this

phase, the policy stance is eased, and a neutral forward guidance is aimed at lowering the expected

32



(a) Revisions to the balance of risks (b) Interest rate

6 L »
0.7+ — Data ', \“
5 m—— Counterfactual under RAIT I
0.6+
05} 4 H
]
0.4} 3 I
2 ]
0.3+ /"
02! 1
0.1+ 0 f
\Y
) — . -1 RAIT Forward Guidance
2018 2019 2020 2021 2022 2023 2024 2018 2019 2020 2021 2022 2023 2024
(c) Core PCE inflation (d) Hours worked
0 /_/\
5L
-10+
1 Z B, RAIT
oL 12 = it -15+
9018 2019 2020 2021 2022 2023 2024 2018 2019 2020 2021 2022 2023 2024

Figure 7: Macro dynamics under the 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. Panel (b) also includes the forward guidance component of

future monetary policy under RAIT, calculated as —(1 — p)rwﬁ Z;il ﬁ:lt oy Panel (c) also displays the expected

12

average RAIT target over the next three years, % > .2, E,nFAIT Gray shaded areas represent NBER recessions.
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path of future federal funds rates.

6 Conclusions

This paper investigates the role of time-varying inflation skewness in macroeconomic dynamics.
Moreover, we show that when inflation risks are asymmetric, it is optimal for the central bank to
lean against the balance of inflation risks.

We introduce a tractable framework that captures how asymmetric cost-push shocks propagate
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through agents’ beliefs. The mechanism operates by augmenting a linear model with a sequence of
anticipated dummy shocks that inform agents about the evolving asymmetry in cost-push shocks.
The model remains linear, preserving both tractability and interpretability.

Using a time-series model to estimate the predictive distribution of U.S. core PCE inflation, we
document substantial fluctuations in inflation skewness over time. These shifts affect the balance
of risks and improve forecast accuracy during periods of heightened volatility.

Finally, we employ a quantitative model to assess how changes in inflation skewness shape
expectations and to evaluate a novel monetary policy strategy—the RAIT—designed to neutralize

these effects and anchor expectations more effectively.
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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(m, o, o) takes the form EX = m + kop, where
m 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 Multimodal Risk and Mean—Mode Asymmetry

The analysis in the main text establishes a tight link between asymmetry and the mean-mode
wedge for a two-piece distribution where, by design, the mode is not affected by perturbations
in the asymmetry. This appendix shows that the same mechanism extends beyond that class of
distributions. In particular, we show that the result continues to hold in more general environments

in which the shock distribution may be multimodal, provided it admits a well-defined dominant
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mode. Holding fixed the dominant modal realization, first-order movements in the mean are driven

by shifts in asymmetry and are therefore linked to Pearson skewness.

B.1 General setting

Let Z be a real-valued random variable with distribution F' admitting a density f with respect
to Lebesgue measure. Assume that E[Z] and Var(Z) exist and that the standard deviation o =

Var(Z) is strictly positive.

Definition. The distribution F' is said to be multimodal with a dominant mode at m € R if the

following conditions hold:
(i) m € arg max,er f();
(ii) for any x # m such that x is a local maximizer of f, f(z) < f(m);

(iii) there exists g9 > 0 such that for all sufficiently small £ € (0, &),

m-+-e xr+e
/ FOrdt > sup [ f(8)dt.

m—e zFm Jx—e

Related notions of unimodality, weak unimodality, and modal dominance in densities are dis-
cussed in Dharmadhikari and Joag-Dev (1988) and Silverman (1986).

This general definition encompasses a wide array of distributional shapes, including multiple
local maxima, while ensuring that a single outcome m plays a distinguished role. Condition (i)
identifies m as a most likely realization in the pointwise sense. Condition (ii) rules out competing
modes of equal likelihood, ensuring uniqueness of the dominant modal location. Condition (iii)
imposes a weak non-degeneracy requirement: realizations in an arbitrarily small neighborhood of
m carry strictly more probability mass than neighborhoods of equal width around any other local
mode. Importantly, this condition does not require that most probability mass be concentrated

near m, but only that m remain the locally most representative realization of the distribution.
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Let p = E[Z] denote the mean of the distribution. Given the existence of a dominant mode,

the Pearson first coefficient of skewness is defined as

pw—m

P =

g

Rewriting 1 — m = 9o explicitly shows that the mean-mode wedge is sufficient to capture the
degree of asymmetry in the class of distributions considered in this section.

Let us now consider changes in risk that alter the shape of the distribution f through the
reallocation of probability mass across outcomes, while leaving the dominant mode m unchanged.
Such changes may affect higher moments, tail behavior, or the configuration of secondary modes,
but preserve the most likely realization of the shock. For any such change, the resulting variation
in the mean satisfies

Am = oA + Ao

Let 1o = (1o — m) /oy denote the Pearson skewness coefficient of a reference distribution with

dominant mode m. A local perturbation of the distribution induces
A(p = m) = oo Ah + Ao + o[ Al),

where o(||Al|) collects higher-order terms. Assuming |1y| < 1, that is the initial mean-mode wage is
not larger than one standard deviation, the contribution of scale changes is small, unless variations
in dispersion respond excessively to variations in asymmetry, that is??
do
lim 297 _
Pv—0 O dl/)

Under this condition, the second term in the decomposition above is asymptotically negligible

relative to the first, and the mean-mode wedge remains locally proportional to the Pearson skew-

23This condition holds in most economic environments in which the dominant outcome is representative of typical
realizations. Cases with [ig] > 1 correspond to extreme asymmetry, where most of the mass is placed far away
from the single modal value.

in which higher-order terms and scale effects are generically first order and a local skewness-based characterization
is no longer informative.
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ness coefficient even when the standard deviation is allowed to vary. Economically, this restriction
requires that the mean—-mode gap be small relative to the overall dispersion of the shock distribu-
tion.Under these conditions, asymmetric risk continues to admit a first-order characterization in

terms of skewness alone.

B.2 An illustrative example: mixture of normals

As a simple illustration, consider a mixture distribution with two Gaussian components. Let

X1~ N, 0%, Xo ~ N (p2,0%),

with gy > po, and let p € [0, 1] denote the mixture weight on X;. The random variable Y is drawn

from the mixture distribution with density

9() = pe(y; pr,0%) + (1 —p) @(y; p2, 0°),

where o(+; 11, 0%) denotes the normal density with mean p and variance o2

Let the unique, dominant mode be defined as m, = sup,cg g(y). To ensure that the mixture
admits a well-defined dominant mode, assume that (i) |p — p2| > 20 and (ii) p € (0.5,1). The
first condition guarantees bimodality of the mixture density, while the second ensures that the
higher-mean component generates the dominant mode.?* Under these conditions, the mode of g is
uniquely attained in a neighborhood of ;.

The expected value of the mixture is given by

ElY|=ppu1s + (1 —p)pus (B5)

where A = g — 1y < 0. The term (1 —p)A captures the extent to which probability mass assigned

to the lower-mean component shifts the mean away from the dominant outcome. As p — 1, the

24Gee Silverman (1986) and ? for rigorous analyses of modality and dominant modes in Gaussian mixtures.
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mixture distribution converges weakly to A(u1, 0?).

Changes in the perceived balance of risks are naturally mapped into changes in the mixture
probability p. News that increase the likelihood of favorable outcomes correspond to a reduction in
p, reallocating probability mass toward the right tail of g(y). Such shifts leave the dominant modal
outcome unchanged while increasing asymmetry and raising the mean relative to the mode. As a
result, changes in p primarily affect the Pearson skewness coefficient, which moves proportionally
to (1 —p).

This mixture-of-normals example provides a concrete illustration of the general mechanism
emphasized in the previous section: changes in asymmetric risk, implemented here through prob-
ability reweighting rather than changes in scale, translate into movements in expected outcomes

even in a multimodal environment.

C Asymmetric Risk in a Nonlinear New Keynesian Model

In this appendix, we provide additional details for the computational exercise presented in
Section 2.3. In the first part, we derive the baseline New Keynesian model (see, e.g., Gali, 2008).
We then describe how shifts in the asymmetry of inflation risk are incorporated into this framework
and compare the resulting dynamics with the linear approximation obtained through the beliefs
representation, as outlined in Section 2.2.

While the main text focuses on shifts in risk arising from changes in skewness within a two-piece
distribution, the appendix concludes by replicating the exercise in an alternative environment where
asymmetry emerges from the presence of a second mode in the distribution of the cost-push shock.
In this case, the distribution features a dominant mode centered at zero alongside a secondary

mode capturing the possibility of a large cost-push shock.

C.1 A simplified 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
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in a monopolistically competitive goods market. Price adjustment is subject to quadratic costs,
following Rotemberg (1982). Monetary policy is conducted according to a standard Taylor rule
with interest rate inertia. The economy is subject to a stochastic cost-push shock, which we model

as an exogenous shift in the elasticity of substitution in the demand schedule.

Households. The representative household maximizes expected lifetime utility:

o le(f lego
B8 (1 ) (1)
t=0

where 5 € (0,1) is the discount factor, o > 0 is the coefficient of relative risk aversion, ¢ is the
inverse Frisch elasticity of labor supply, and x > 0 is a scaling parameter for labor disutility. The

maximization is subject to the following flow budget constraint in real terms:

Ry
IT;

Ct + bt = tht + bt—l + dt (C2)

where C; denotes the household’s consumption of the final good and N, represents the total hours
of labor supplied to firms. The variable b, = B;/ P, denotes the real value of one-period risk-free
nominal bonds purchased at time ¢, paying the gross nominal interest rate R; in period t + 1.
The term d; represents real dividends distributed by the monopolistically competitive firms, and
wy denotes the real wage. I, = P,/P,_; represents the gross rate of inflation, where P; is the
aggregate price level.

Optimality conditions yield the labor supply equation w; = xN,'C{ and the consumption Euler

(Ct+1 ) 71
Ct Ht+1

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

equation:

1 = PR E;

(C3)

ogy

V(i) = ANo(i)' 7,
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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. Firms take the aggregate price level and aggregate
consumption as given. A linear technology Y; = NV, implies that the real marginal cost equals the
real wage (mc; = wy). Firms face quadratic price adjustment costs %(%ﬁ — 1)%Y;, where ¢ > 0

governs the degree of nominal rigidity and II is the central bank’s inflation target.

Profit maximization yields the nonlinear New Keynesian Phillips Curve (NKPC):

~ ~ Y,
¢Hth =1—-¢&+quw + BE; At,t+1¢Ht+1Ht+1 ;1 <C4>
t

where ¢, is the stochastic elasticity of substitution, IT, = II, /TI — 1 represents the net inflation gap,

and A¢y1 = (Cry1/Cy) ™7 is the relevant portion of the household’s stochastic discount factor.

Monetary Policy. The central bank sets the nominal interest rate R; according to an inertial

Taylor rule responding to deviations of inflation and output from their targets:

G 6

where p, € [0,1) determines the degree of interest rate smoothing, and ¢, > 1 and ¢, > 0 are the

1—pr

reaction coefficients to inflation and the output gap, respectively. R and Y denote the steady-state

values of the nominal interest rate and output.

Stochastic Process for the Cost-Push Shock. We introduce an exogenous process u; that

perturbs the elasticity of substitution between varieties, denoted by ¢;:

€ = €exp(—uy) (C6)

where € > 1 is the steady-state elasticity of substitution. A positive realization of wu; reduces
the elasticity of substitution, thereby increasing the desired markup and generating inflationary

pressure.
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Figure C1: Conditional distributions of future cost-push shocks.

Note: The green line represents the Normal state. The red line represents the News state, characterized by positive
skewness and a shifted conditional mean. In the left panel we report a unimodal skewed-distribution; we set the
location to 0, unit scale and an asymmetry parameter of 0.3. In the right panel we report a gaussian mixture as the
asymmetric risk case. We assume common variance for the two normals, and means of 0 and 0.035, respectively.
The mixing probability assigns a probability of 0.8 to the first distribution.

In each period, agents observe the realization of the cost-push shock, u,;, along with a signal
characterizing the asymmetry of the distribution governing the realization of the cost-push shock
in the subsequent period. The shock process is assumed to be i.i.d., with a distribution that
may be symmetric or asymmetric. In the symmetric benchmark, the shock follows a standard
Normal distribution. In the asymmetric case, we consider two alternative environments: a) the
next-period cost-push shock follows a skewed Normal distribution with positive asymmetry; b) the
shock distribution is a mixture of two Normal distributions, featuring a dominant mode at zero
and a secondary mode corresponding to a ‘“risk scenario” in which a large positive cost-push shock
may occur.

Figure C1 illustrates the density functions associated with these two cases. Both specifications
capture positively skewed risk. In each environment, while the modal realization of the future
shock remains at zero, agents assign a higher probability to large inflationary outcomes in period

t 4+ 1, either through increased probability mass in the right tail or through the emergence of a

secondary mode.
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Anticipated asymmetry in the distribution of future shocks generates a wedge between the most
likely realization and the expected value of the shock. Although the modal realization remains
unchanged, the shift in expectations affects current decisions through expectation terms in both

the Euler equation and the New Keynesian Phillips Curve.

C.2 Numerical Solution Method

We solve the nonlinear model using the global policy iteration algorithm implemented in the
GDSGE framework (Cao et al., 2023). This approach allows us to accurately characterize the
effects of shifts in perceived cost-push risk in a fully nonlinear environment, without relying on

local perturbation methods.

State space. The state space consists of one endogenous state variable, the lagged nominal
interest rate R;_1, and an exogenous state S; governing the realization and perceived distribution
of the cost-push shock. Formally, S; indexes both the current realization of the cost-push shock
and the conditional distribution governing its realization in the subsequent period. The latter is
represented by a transition matrix over a discrete grid of possible future states.

By appropriately calibrating the transition probabilities w, we allow for situations in which the
modal realization of the next-period cost-push shock remains at zero, while the conditional distri-
bution becomes asymmetric. As discussed in the main text, we consider two alternative sources of
asymmetry: (i) a unimodal environment in which the next-period shock follows a positively skewed
distribution; and (ii) a bimodal environment featuring a dominant mode at zero and a secondary
mode associated with a low-probability, high-inflation “risk scenario.” In both cases, asymmetry

operates through changes in the conditional distribution rather than through realized shocks.?

Solution algorithm. The solution procedure proceeds as follows.

25To reduce computational complexity, we assume that in the symmetric benchmark the cost-push shock always
realizes at zero. With some probability, the economy transitions to a state in which agents perceive the next-period
distribution of the shock to be asymmetric. In that case, the asymmetric distribution is discretized over J = 7 nodes,
with probabilities reflecting the degree of skewness or the weight on the risk scenario. We verified that increasing
the number of grid points for both R;_; and the shock discretization does not materially affect the results.
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1. Discretization. We discretize the continuous endogenous state R;_; on a dense grid of N
points. The exogenous state S; follows a finite-state Markov chain with J nodes, correspond-

ing to alternative perceived distributions of the next-period cost-push shock.

2. Function approximation. Let x; = {C}, II;, Ny, wy, Ry, Y;} denote the vector of policy
variables. We approximate the policy functions P(R;_1,S;) using multidimensional linear

interpolation over the discretized state space.

3. Policy iteration. At iteration n, for each grid point (R;, Sk), we solve the system of
nonlinear equilibrium conditions F(-) = 0, defined by equations (C1)-(C6). Conditional
expectations appearing in the Fuler equation and the New Keynesian Phillips Curve are

computed by integrating over future states using the transition matrix:

$t+1 Z Wkm f (n=1) (Rta )) . <C7>

This step explicitly incorporates the anticipation channel associated with asymmetric risk.
When agents perceive the next-period cost-push shock distribution to be skewed—either
through increased right-tail probability mass or the emergence of a secondary mode—the
transition probabilities shift weight toward higher future cost realizations. Importantly,
these changes affect equilibrium outcomes even though the modal realization of the shock

remains unchanged, isolating the role of perceived asymmetry from that of realized shocks.

4. Convergence. The policy functions are updated until convergence, defined as

[P — || <5, §=107" (C8)

The resulting global solution allows us to study the macroeconomic effects of revisions in the
perceived distribution of future cost-push shocks, fully accounting for household risk aversion and

firms’ nonlinear price-setting behavior.
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Table C1: Model Parameter Calibration

Parameter Value

Steady State Values

Inflation Target 7 1.005
Steady State Output g 1

Steady State Nominal Interest Rate #  1.0101
Structural Parameters

Discount Factor g 0.995 (7/7)
Inverse EIS o 1
Elasticity of Substitution e 6

Price Adjustment Cost v 25

Inverse Frisch Elasticity n 1.33

Labor Disutility Weight x 0.833 ((e—1)/(eyg™))
Monetary Policy Rule

Taylor Rule: Inflation or 1.5

Taylor Rule: Output ¢y 0.125
Interest Rate Smoothing pr 0.8

Note: The table reports the parameters’ calibration used in the simulation exercise.

C.3 Simulating the response to shift in risk

Within this environment, we simulate a scenario in which agents perceive the distribution of
the next-period cost-push shock to be asymmetric, while the realized shock equals zero in the
subsequent period and thereafter. This design cleanly isolates the effects of changes in perceived
risk from those associated with realized shocks.

By construction, the experiment generates a pure belief shock: agents revise expectations
in response to perceived asymmetry, even though no cost-push shock ultimately materializes.
Consequently, any movements in inflation, output, or the policy rate arise solely from changes in
expectations rather than from contemporaneous or realized disturbances.

This setup allows us to directly assess the quantitative importance of the belief-driven chan-
nel emphasized by the beliefs representation. In particular, it enables a transparent comparison
between the global nonlinear solution and its first-order approximation, highlighting the extent to

which perceived risk asymmetry alone can generate meaningful macroeconomic dynamics.
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Figure C2: nonlinear propagation and the belief representation with a weakly unimodal shock

Note: The three panels report the response of the output gap, inflation and the interest rate to a positive anticipation
shock about forthcoming upside risks to inflation. We compare the propagation in a fully nonlinear model (purple),
solved with global methods, against the belief representation (orange). The shock size is adjusted within the two
models to generate effects of the same size.

C.4 Linearized model

Log-linearizing the model around the deterministic steady state yields the following system,

where variables with hats denote log-deviations from steady state (e.g., Z; = In(Y;/Y)):

1 4

Ty = By — ;(it — Eiftypa) (C9)
7ATt = BEtﬁ-t—i-l + /ﬁit + YUt (Cl())
ie = piir—1 + (1= pi)(Pxte + duidi) (C11)

where Kk = %(O’ + 1) represents the slope of the Phillips curve and + is proportional to the

Rothemberg parameter 1.

Within this linearized environment, we study the effects of shifts in perceived risk asymmetry
by exploiting the beliefs-representation equivalence established in Section 2.2. Specifically, changes
in the perceived asymmetry of future cost-push shocks are introduced as belief (anticipated) shocks
that affect expectations but do not alter the realized path of fundamentals. This linear benchmark

provides a transparent point of comparison for the global nonlinear results discussed above.
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C.5 Computational results

Figure 2 in the main text compares the macroeconomic effects of a shift in the perceived
asymmetry of future cost-push shocks obtained from the global nonlinear solution with those
implied by the first-order beliefs representation. The comparison focuses on a setting in which
asymmetry arises through a change in the skewness of the shock distribution within a two-piece
environment (corresponding to the unimodal densities shown in panel (a) of Figure C1). Figure C2
replicates the same exercise for an alternative specification in which asymmetric risk takes the form
of a bimodal distribution. In this case, risk is represented by the emergence of a secondary, low-
probability mode associated with a large positive cost-push shock (as illustrated in panel (b) of
Figure C1).

Across both environments, the first-order approximation closely matches the responses gener-
ated by the nonlinear model. Differences between the two solutions are quantitatively small and
economically negligible, indicating that the beliefs representation provides an accurate character-
ization of the effects of shifts in risk asymmetry. This result confirms that, in the absence of
strong nonlinearities, first-order methods are sufficient to capture the macroeconomic implications

of changes in the perceived balance of risks.

D A New Keynesian model with asymmetric 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 Appendix C and Chapter 3 of Gali (2008).

D.1 The optimal monetary policy problem

To solve for the optimal monetary policy problem, we now astray from the presence of a Taylor
rule (Equation (C11)). 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,

#;. Therefore, optimal monetary policy consists in choosing the state-contingent {7, #;}:°, that
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minimizes
1 = o \
§EO Z ﬁt (7Tt2 + Oéml‘?) ’
t=0
subject to the sequence of constraints imposed by the Phillips curve and the IS curve
A . L. .
Ty = By — ;(Zt - Et7Tt+1)

Ty = PE T + KTy + g,

derived in the previous Section.

Casting the problem into its Lagrangian form
oo 1 . . . . A
L= FE, Zﬁt {5 (77 + w}) + (7 — K& — Birpy) |
t=0
and differentiating with respect to Z; and 7; yields the optimality conditions

Ty — Ky =0

T+ % — -1 =0

(D1)

(D2)

that must hold for t =0, 1,2, ...; We set v_; = 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.
Ty = ——To,
a$

N A K.
Tt = Tp—1 — —T¢, Vt.
Ay

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 t. We can now write the optimal targeting rule under commitment as

N R _
Ty = —— D,
Oy,
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such that the optimizing central bank keeps output below or above the efficient level in proportion
to the deviations of the price level from its implicit target. Plugging Equation (D3) into the Phillips

curve we obtain
Dt = aPr—1 + af B + auy (D4)
with a =

Oy
az(1+8)+k2 "

D.1.1 The symmetric case

The stationary solution to Equation (D4) can be obtained by using the method of undetermined

coefficients by conjecturing a solution of the form

Pt = NPe—1 + Aug, (D5)

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

Eipiy1 = npy. (D6)

Substituting the expectations implied by the stationary solution yields

Dr = api—1 + afnpy + awy

_ a _ 4 a
= — _ — U
Dt 1—a677pt 1 1—apn t
—— H}\/—’
n

Solving for n and A, we obtain

11— /1-48a? o7)

=)
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and we can express the equilibrium process for the output gap as

. . K
Ty =Ny — — Ay, (D9)

xT

for t = 1, 2, ceey with ,Ci’o = —O%AUQ.

Implementation. The optimality condition in Equation (D3) allows us to write the IS curve in
Equation (D1) as
K

K| _ _ A
[1 - UQ—] by = [1 - U—} Eipri1 — iy

Now, substituting the implied expectation derived in Equation (D6), we obtain the following

optimal monetary rule:

= —(1—7) {1 - UO%:| Pr. (D10)

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).

D.1.2 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 @, ~ 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, L1044+

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
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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 Eytiy41 = 20,0441, While Fiiy; = 0 for all 57 > 1. Moreover,
since Qui41 = 0y 441 1 0yy, and assuming agents do not anticipate further revisions in perceived
asymmetry (i.e., B0l , ; = 0), it follows that Eyii; 1 = »0,0,,, where 9, , = E10y 41— Ei_10ut41-
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:

Eyliy = ug + 0 + 0y, = iy, (D11)
Byl = By + 1 = . (D12)
Equation (D11) imposes the restriction ¢ = —! |, 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 (D12) 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 1y = 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:

Pe = NPr—1 + My + Ciy (D13)
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and, since Eyuiyq = ¢ and Eppy, = 0, it follows that
Eypr1 = 0P + My

Substituting the expectations implied by the stationary solution under optimal policy (Equa-

tion (D4)) yields

Di = api—1 + a3 [Wﬁt + /\@bﬂ + auy,
af A

_ a a
P T apy T—aby " 1= aby
n

De—1 + e

Solving for n, A and { we obtain

1 — /1 — 43a2

77 = 2@/6 Y
a
A= ——+
1—apy’
af A
¢=22
1 —apn
Since under optimal policy z; = — oD, the equilibrium process for the output gap reads as
A A K 1
Ty = NTi—1 — o [>\Ut + C¢t] ; (D14)

x

and 2o = — 2= [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 _ A
[1 - U—] pr = [1 - U—} Eipri1 — iy
Qg Qe
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Substituting the expectation for the price level under asymmetry, we obtain the optimal monetary

rule under asymmetry:

aﬂ? T

h=—(1—-n) [1 - ai} Br+ [1 - ai} AL (D15)

where the first term in the right-hand side is the same as in Equation (D10), 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.?%

D.1.3 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 policy
under the incorrect assumption about shocks distributions. 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

o R _mn
Ty = ——P¢ (D16)

x

where p}" is the (mispecified) price level the central bank is targeting, under the incorrect perception
that of symmetric risk, i.e. under the assumption that @/Jﬁ = 0,Vt,j. This muspecified price level

evolves according to
Pt = nhi-1 + Auy. (D17)

Note that this is not exactly the same price level as in fully symmetric case, because prices (p;)

are affected by agents’ beliefs of skewed risk. To see that, write the Phillips curve in terms of the

26Tt can be shown that the conditions for determinacy are the same as in the model with symmetric risk.
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price level,

(14 B)pr = pr—1 + KTt + BEPr1 + uy,

and conjecture that the difference between the actual prices and the prices that the central bank

incorrectly targets when solving the optimal problem takes the form

pe— P = T

By plugging this equation into the optimality condition in Equation (D16), and substituting into

the Phillips curve expressed in terms of price level yields

ﬁt = (lpt—l + aBEtﬁt—l-l + bT'(ﬁtl + auy (D18)

K2

with a = W

mandbz

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

level and plug these into Equation (D18) to obtain

_ a a aBA+br
= —D;_ e — ;. D19
Dt 1_a5npt1+1_aﬁnut+1_a5n¢t (D19)
n ¢

Solving for the coefficients we obtain

1—/1— 4Ba?

= 2ap3
a

A= ————

1—apn

<~7a6/\+b7'

N 1 —apn

Comparing Equation (D19) with Equation (D13), note that the misspecified policy reaction implies
¢ > (. As a result, by failing to respond to shifts in the asymmetry of risk, the central bank

amplifies the sensitivity of inflation to those shifts.
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We recover 7 by taking the difference between the price level, p, and the price level under the

symmetric policy — Equation (D17). Specifically,

_afA+br

5 _am . T 1
A Uy,
———
which leads to
~ aP A
- =7 D20
(=7=1" B0 (D20)

It should be noted that a central bank that overlooks the role of imbalanced risks will end up
setting the output gap as a function of p;*. However, this price level is not attainable due to the
presence of asymmetric inflation risks. As a result, the central bank achieves a suboptimal output
gap and a realized price level that deviates from its target, p;".

Under the optimal policy, the equilibrium process for the output gap is given by z; = —a—’ZﬁT,
for all t. Therefore, in the first period, 2y = —Az-u,. That is, the central bank’s response in the
initial period—while ignoring the effects of skewed risk—results in an output gap equal to that
under symmetric risk. This occurs because, in the first period, the price level targeted by the
central bank, py*, coincides with the price level targeted by a central bank assuming symmetric
risk.?” However, in subsequent periods, the output gap begins to diverge across the two economies
as the prior period’s price level differs due to the skewness in the shock distribution. Specifically,

with an unwitting central bank:

A A K x
Ty = NTg—1 — a_ Ay + Cm/’tl—l

x

D.2 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

2TWe assume that in period t = —1, the economy is at the deterministic steady-state equilibrium where risks are
fully balanced, ¢*; =0, for ¢ = —1,-2,....

63



Table E1: 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%.

elasticity of substitution among intermediate goods, ¢, is equal to 6, and the slope of the Phillips

curve, k, is equal to 0.1275.

E Inflation risk: additional results

This appendix reports additional details and results to complement what reported in Section 4.

E.1 Formally testing for inflation conditional skewness

We formally test for the evidence of time variation in the asymmetry of the predictive distribu-
tions of core PCE inflation. Assuming a flexible Skew-t specification for the likelihood function of
inflation data, we test whether the asymmetry of the conditional distribution can be significantly
assumed to be constant by examining the properties of the score function. Table E1 reports the
results of three alternative parametric Lagrange Multiplier tests: a Q test, an adjusted Q* test,
and the Nyblom test, following Delle Monache et al. (2024).2% All test strongly reject the null
hypothesis of symmetry at the 1% confidence level; the right panel of the Table show an equally
strong rejection after accounting for stochastic volatility. Similar results are obtained by applying
Bai and Ng (2005) tests for unconditional skewness to an expanding window of data, as reported

in Figure E1.

28These tests consist of fitting the data to a Skew-t distribution, defined by parameters of location, scale and
asymmetry. A score-based test can then be used to test for the stability of the fixed parameters. We also account
for the possibility of fat tails in the distribution (see Harvey and Thiele, 2016; De Polis, 2023).
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Figure E1: 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.

E.2 The model

Table E2: Parameters estimates for the econometric model in Section 4

Autocorrelations

gbm ¢7 ¢5

0.989 0.866 0.834
(0.007)  (0.058)  (0.062)

Learning rates

am, b Qny y as bs

b
0.092 0.095 0.043 0.087 0.024 0.079
(0.007)  (0.005)  (0.019)  (0.010)  (0.012)  (0.016)

Degrees of freedom

n

0.141
(0.037)

Note: The table reports mean estimates of the static parameters of the model. Parameters standard deviations are
reported in parentheses.

Let m = 400log(p:/p:i—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
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Figure E2: Time-varying moments of core PCE in the US

Note: The panels report mean, volatility and skewness of US core PCE. Black lines represent total moments, green
lines correspond to long-run components only. Bands report 68 and 96% credible intervals. Gray shaded areas
represent NBER recessions.

(Skt) distribution with time-varying location (my), scale (o), and shape (g;) parameters:

Ty ~ Sktu(mta O-t2a Qt)v

where v denotes the, time invariant, degrees of freedom. The degree of the asymmetry is risk is

captured by the parameter g, € (—1,1). We postulate that each parameter features a permanent
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and transitory component, such that the location is

my = 1y + 1y (E1)

My = My + QS (E2)

e = Gt + bt (E3)
Let §; = log(oy), then

Ve =Y+ % (E4)

Ve = Ve + AySqp (Eb)

Ve = G4V + bysy g, (E6)

such that the scale parameter is multiplicative in its two components. Finally, for 7, = arctanh(o;)

we have
5 =0+ St (E7)
8 = 0y + asSst (E8)
St = ¢6St + bs S5 (E9)
More compactly, for f, = (my, d¢, 1),
Jie = Jivo1 + aisip1, (E10)
.fi,t = (bifi,tfl + biSi 1. (E11)

The time-varying parameters of the distribution are learned in real-time, with updates being
proportional to s;,_1, which is the scaled score of the conditional distribution (as in Creal et al.,
2013; Harvey, 2013). Refer to Appendix F for derivations of the scaled scores and the estimation

procedure.

E.3 Additional estimation results

The estimated time-varying moments of core PCE are reported in Figure E2, where we highlight

the permanent components and the total moment in green and black, respectively. Specifically,
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moments are closed-form functions of the estimated time-varying parameters.

AC
E,_1m = my + g(n)oyo;, g(n) = 1—(77) (E12)
— -1
Var, m = o? + h(n)e? W) = —>— — g(n)? (E13)
t—17/¢ t 1 _ 277 t | 1 — 27] )
1+n—02(5—2g9(n2%+ (1 2 _ 19}y — 12¢(n)2n2
Skew,_ym, = Il 1= 6 (5= 29(n)” + (10g(n)” = 19)n = 129(m)"n")] (F14)

(1= 3n)(1 = 20) (55 + hin)e? )
noting that this moment only depends on the asymmetry parameter and on the estimated degrees
of freedom (see De Polis, 2023).
We also report in Table E2 the estimated static parameters of the model, which consists of
three autoregressive parameters for the transitory components, six learning rates for the pair of
components of the time-varying parameters, and the fixed (inverse of the) degrees of freed on the

distribution.

E.4 Comparison with model-free measures of conditional skewness

Rolling window estimators of skewness strike a trade-off between precision and responsiveness.
Longer windows improve statistical reliability by smoothing out outliers but reduce the ability
to detect rapid changes in risk. They also assume constant skewness within the window, causing
delayed adjustments during periods of sharp inflation movements, when timely assessment matters
most.

To balance these trade-offs, we use 5-year rolling estimates and consider both sample skewness
(ss;) and quantile skewness (¢s;) as benchmarks. The former can be compared to our model’s con-
ditional skewness measure, s;, while the latter is conceptually closer to the asymmetry parameter,
0, as it captures the imbalance of probability mass around the mode. Unlike rolling statistics, our
model applies one-sided discounting of past data to estimate time-varying moments, yielding more
responsive and stable signals of inflation risk. Figure E3 shows that our model-based skewness

estimates closely track rolling estimates, with maximum cross-correlations between 0.4 and 0.5.
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Figure E3: Cross-correlations

Note: The figure reports the cross-correlations between realized (ex-post) measures of inflation skew-
ness—specifically, the 5-year rolling quantile skewness (¢s;) and the 5-year rolling sample skewness (ss;)—and
our model-based (ex-ante) measure of predictive asymmetry in risk, captured by the asymmetry parameter g; and

the conditional skewness s;, respectively.
E.5 Additional forecasting results

Table E3: Out-of-sample comparison - Student t

h=1 h=2 h=3 h=4 h=
MSFE 0.865 0.901 0.926 0.970 1.006
(0.000)  (0.000)  (0.000)  (0.000)  (0.939)
CRPS 0.957 0.970 0.969 0.980 0.995
(0.001)  (0.000)  (0.000)  (0.006)  (0.066)
CRPS decomposition
Right 0.945 0.945 0.952 0.966 0.985
(0.000)  (0.000)  (0.000)  (0.000)  (0.002)
Left 0.966 0.991 0.983 0.993 1.004
(0.000)  (0.142)  (0.006)  (0.146)  (0.913)
Center 0.959 0.975 0.972 0.984 0.997
(0.001)  (0.008)  (0.000)  (0.007)  (0.147)

Note: The table report the relative performance of a ¢t model against our Skew-¢ model. Results are reported in
ratios, with our model being at the numerator; values smaller than 1 imply superior predictive accuracy of the
Skew-t 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 E4: Event forecast comparison against SPF

T < 1.5% 1.5% < 72 < 2.5% 7 > 2.5%
h=1 h=2 h=3 h=4 h=1 h=2 h=3 h=4 h=1 h=2 h=3 h=4
SPF  1.216 0.929 1217 0890  1.118 0928 1.376 1.120 0910 0.235 0.530 0.847
UCSV 0998 1.063 1.023 0.995  1.053 1.033 1.031 0984 0917 0.738 0.831 0.838

Note: The table reports the ratio of the Brier score of SPF and UCSV over our Skew-¢ model event predictions.
The target variable is Q4-over-Q4 core PCE. The evaluation sample runs from 2007Q1 due to SPF data availability.

E.6 Bayesian estimation

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 prevent

numerical instability due to invalid parameter draws.

(i) Sample ¢/ from a random walk candidate density;

(ii) Reject draws that do not respect parameter bounds;

(iii) Compute {fi, ..., fr|6?}, the log-likelihood ¢(y|67), and the posterior (6’ |y);
(iv) Accept or reject ¢’ according to the MH rule and update the sampling variance;

(v ) To improve the convergence of the algorithm, we allow for delayed acceptance in case a draw

gets rejected (see, e.g., Sherlock et al., 2017).

(vi) Compute the statistics of interest as the percentiles of the empirical distribution function.

The algorithm is rather efficient, and a complete chain of 50000 draws can be obtained in about

2 minutes. Section D in Delle Monache et al. (2024) provides detailed explanation of the algorithm.

E.6.1 Priors

The initial values for the permanent component of time-varying parameters are drawn from a
multivariate Gaussian distribution, fy ~ N (mg,sp), with mean vector mgy and covariance matrix

Sp- The mean vector is fixed to [2.5 0 0], which captures the properties of the first ten years of
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data. The covariance matrix is computed as sg = E[V V]!, where Vi, = a?fg - is the gradient
»J

of gy, a function matching sample moments to the three parameters of interest. We use Minnesota-
type priors for the the persistence of the transitory components, ¢ ~ NID(mg,04) - I(gcr). We
target high persistence, with m, < 1, with a standard tightness of 0, = 0.2, in line with Bayesian
Vector Autoregressive models (see, e.g., Doan et al., 1984; Sims and Zha, 1998). We restrict the
prior distribution to only span the stationary region, ®, by truncating the support, which gives
rise to an improper prior distribution as in Cogley and Sargent (2005). Loadings on the score
components are Gamma distributed with shape parameter equal to 2 and the scale parameters are
set to obtain mean and standard deviation equal to 0.015 and 0.01 for the permanent loadings,
a, and 0.07 and 0.05 for the transitory loadings, b. These hyperparameter values correspond to
an a-priori half-life of 10 and 2 years for the two components, reflecting 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 a gamma prior for v, ensuring v > 3,

UV~ g(?, 10) . [(7767'[)'

E.6.2 MCMC Convergence Diagnostics

We consider three types of diagnostics: the graphical inspection of cumulative means, the
analysis of variance of several chains, and a test on the ergodic averages. In these exercises we
check the convergence of the post burn-in sample, ©*, for our preferred model specification. We
draw N = 30000 replications and we keep the last n* = 3000 replications, after thinning each two
posterior draws to reduce the autocorrelation of the chains.

As a first step, we inspect the cumulative averages of the retained draws. A smooth and stable
plot suggests that the chain has converged to the expected value of its invariant distribution. The
cumulative averages plotted in Figure E4 appear all smooth and converging to the single value
E[©*], suggesting that the chains have reached convergence.

Next, we turn to analysis of variance techniques, as advocated by Gelman and Rubin (1992).
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Figure E4: Cumulative averages

Note: The panels show the cumulative averages of the post burn-in sample. ¢s are the autoregressive parameters,
as and bs are the learning rate parameters for the transitory and permanent components, respectively, mg, 7o and
dg are the initial values of the permanent components and 7 is the inverse of the degrees of freedom.

Due to the efficiency of our algorithm, we consider m = 100 parallel chains to compare the

dispersion between, B, and within, W, chains, and test that the former is greater than the latter.
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Figure E5: R statistic and ergodic average p-values

Note: The bars represent Gelman and Rubin (1992) R statistic (blue) and the p-values for Geweke (1992) test on
ergodic averages (red) for each parameter of the model. The blue dotted line represents the critical value of 1.2 for
the R statistics; the red dotted line represents the 10% critical value for the p-values. The statistics are computed
for J=13 parameters and m=100 chains.

Specifically,
@, —0)? and W= ——— (0r. — 0,
i 1 2 2%
where 0, = Zn 1 07 and 6" =" 0;. These statistics are used to consistently estimate the

marginal posterior variance of §* as the weighted average of W and B as:

11
52 = W+ —B.

Convergence can thus be monitored by means of R = V02 W=1>1; Gelman (1995) suggest that
R < 1.2 can be used as an indication to accept the convergence of the MCMC.
At last, we follow Geweke (1992) and test the ergodic averages of the time series of draws. We

split the n* draws into a subsample B of nj = 0.1n* and another one A of n} = 0.5n*, and compute

1 . .1 ,
Oy=—> 0 and 0,=—3% 0,
bj=1 ¢ j=ng

73



As we only consider the post burn-in sample, 5; and 5: are the ergodic averages at the beginning
and at the end of the convergence sample, and should therefore behave similarly. This can be
tested by means of a simple ¢-test on the standardized difference between 5; and 92

7. -7,

A —

Zq = ——
V@) + V(@)

~ N(0,1).

We report the R statistics and p-values for the ergodic averages in Figure E5. All the R statistics
(blue bars) are below the 1.2 threshold, identified by the dotted blue line. Similarly, the red bars

show that we do not reject the null hypothesis for any of the parameters.

F  Score-driven framework

F.1 Score derivations

The scaled score s; is a non-linear function of past observations and past parameters’ values.
For ¢; = logD(0, f;) being the Skew-t of Gomez et al. (2007), y|Y;_1 ~ Skt,(ms, 02, 0¢), the

log-likelihood takes the form

1+v
2

2
€t
(1 + sgn(er)or)?o?

1
C(re|0, Fy—1) =logC(v) — 5 log o7 — log [1 + ” ) (F1)

v

) L L
5 5 logv — 5 log,

1
logC(v) =logI’ (%) —log’ (

where I'(+) is the Gamma function, sgn(-) is the sign function, and v > 3 are the degrees of freedom.
Differentiating (F1) with respect to location, scale and asymmetry we obtain the gradient vector

/
v, — [% o %} . Recall that & =y, —my, ¢ = & and let

2 oLt sgn(e)e)ol +
(1 + sgn(e;)o;)?c? v(1+ sgn(e;)o;)?o?

flmeof, o) =1+

74



To avoid overburdening the notation, in what follows oM@ — f!and a = -1~

ox 2

respect to the location parameter reads

ol Gt . v+1
— = wy—, with wy = SRTE
omy oy v (14 sgn(ey) o) + (G

Proof. Define

g(mt) = CLlOg f(mt7at27 Qt>7

o0, dg(my) I,
such that oy = om = CfmcoTan)” For

Sog = — ° €t
" vl 4 sgn(edo)oi

it follows:

o 14w 2 vt sgn(ee ol
om, 2 v(1+sgn(e)o)?0? 1 v(l+ sgn(e,)o)?o? + &2
ey
v(1+ sgn(ey)or)?o} + &7 '
e
= w—
Ot

The score with respect to the squared scale parameter reads

ol . (wtCtQ - 1)

2 2
do; 207}

Proof. Define

log o7

g<0-1€2): +alogf(mt70-t2agt)7
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!/

such that 2 = 2480 — — L 4 q b with 1, = — Tt follows that;
o, 1 1+vw g? v(1 4+ sgn(e)oi)?o?
o2 202 2 {_ v(1+ sgn(e) o0t v(1+ sgn(e;)o)?0? + 6?]
1 14w [ 1
_27%2 2 [_ U_t2 . v(1+ sgn(er)or)?of + 5%]
_ 1 . wtCt2 _ (wth —1)
202 20?7 202

]
The score with respect to the shape parameter reads as
ol
_t = Sgn(gt) 'l,UtCt2
dor  (1+sgn(e)or)
Proof. Define
g(o:) = alog f(my, 01527 0t),
t t f.t;t : _ sgniet t)E¢ .
such that g—ﬁt = 82552) = O ey with f}, = % It follows that:
0l 1+v  2sgn(s) +o)ef  v(l+sgn(e)o)’o}
Oor 2 v(l+sgn(e)or)to? v(1+ sgn(e)or)?0? + &2
~ (sgn(ey) + 00)€2 wy B sgn(ey) 0,2
- 5 — t
(14 sgn(ee)?of  (1+sgnleer)
]
F.2 Scaled scores
Given we model v, = log oy and 0, = atanh(g;), for the chain rule we have:
8&5 6& aat % o (%t 8Qt (F2)

Oy D02y, 06, 0 06,
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where ?)%:2 = 207 and g—f;z = (1 — ¢?). We can thus define the vector of interest as f; = (my, v, 6;)

with the associated Jacobian matrix

1 0 0
O(mq, 0, 0
Jt:<ta—f;t>: 0 202 0 . (F3)
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:

(14+v) 0 4(1+v)
(v+3)(1—¢7)o? or(1-07)(3+v)
It - ]Et_l[vtv;] - O m 0 . (F4)
4(14v) 0 3(1+v)

o1 (1—07)(3+v) (1—07)(3+v)

As a result, the vector of scaled scores reads as:

(v+3)(1—0?)

Sm,t thgt
1 [ 2
St = (J;dlag(:[t)t]t>72 Jt'Vt = Syt = @(wtg? — 1) . (F5)
Sat sgn(e) \/3((””131))((111589;;(&))9;3) wiG

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

G Monte Carlo analysis

We simulate T=250 observations from Skt, (my, o4, 0;), for simulated values of the parameters of
location, my, scale, o4, and asymmetry, ;. 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
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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

my 09 0 My_1 0.05 0
= + chol €,
Oy 0 0.99 Op_1 0 0.025
Yt = O, Vt

DGP2: constant asymmetry with breaks

my 09 0 my_q 0.06 0
= + chol ¢,
0y 0 0.99( | d;-1 0 0.025
p
0 t <100

Tt = 930.25 100 < ¢t <150

—-0.25 ¢ <150

\
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DGP3: no asymmetry and location-scale covariance

m 09 0 My

Ho= - + chol
Os 0 099 01

Yt = 0Vt

005 0

0 0.025

D=

1

A4

4
1

0.05

0

DGP4: no asymmetry and location-scale covariance with breaks

my 0.9 0 me_q
= + chol
0y 0 0.99( | 0s1
.
0.4 ¢t <100
Pt = 450.8 100 <t < 150>
—0.4 t <150
Y = 0Vt
DGP5: time-varying asymmetry
my 09 0 0 my_q
| =10 099 0 01
Ve 0 0 09 Vi1

0.0 0
0 0.025

+ chol
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DGP5: time-varying asymmetry and correlated updates

my 09 0 0| |my_ 3|1 p 02 3
005 0 0.05 0
6t = 0 099 0 (515_1 + chol yor 1 03 €t
0 0.025 0 0.025
Yt 0 0 0.9 Yi—1 0.2 0.3 1
04 t<100
pPr=140.8 100 <t <150
—04 t<150

\

We report the results of this exercise in Figure G1. 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.

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.
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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 G2 report the estimated long- and short-run
components; notice that the two distributions add up to that reported in panel (b) of Figure GI.
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 G1: 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.
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(b) DGP2
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Figure G2: 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 H1: 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.

H 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 g, remains constant over the entire sample. Table H1 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 H1 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 E).

Figure H1 shows the estimated dynamics of inflation volatility and skewness across the different
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Table H1: Time variation in higher order moments

Q Q N Q Q N
GDP Deflator Headline PCE
Homoskedastic

Shape  637.470**  644.910**  5.690"** 303.820™*  307.370***  6.460***

Heteroskedastic

Scale*  597.120**  604.090***  4.050*** 566.190***  572.800***  2.330***
Shape 154.150"*  155.950***  2.780*** 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***

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

moments of the four measures.
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(a) GDP Deflator (b) Headline PCE
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Figure H2: 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.
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Figure H3: 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 H4: 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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I Calibrating Inflation Risk and the RAIT

For simplicity, we assumed that the only source of inflation risk asymmetry stems from cost-
push shocks. We calibrate the dummy anticipated cost-push shocks to match the effects of the
revisions in the balance of inflation risks on inflation expectations, ¥ p — ¥iqn¢e—1, Where 1 =
EyTewn — fesnje, estimated using the Skew-¢ model of Section 4. See Equation (15). This requires

solving the following system of J + 1 linear equations:

J .
- Ej:l Soi—j o7
Yeg1e — Vep1je—1 _ 1 Oixs 90% 7 (1)
Qs QN
_¢t+J|t - ¢t+J|t—1_ _902]_

where Q° and QV capture the effects of surprise and anticipated dummy cost-push shocks on
inflation expectations in ??7. These matrices are derived from the solution of the Smets and
Wouters model with dummy cost-push shocks—77. This solution is straightforward to obtain
using widely available techniques. Inverting the matrix on the right-hand side yields the dummy
shocks, {¢? }3.7:1 that ensure the structural model replicates the estimated effects of skewness on
inflation expectations.

The first equation ensures dummy anticipated shocks do not materialize as actual cost-push
shocks.?”  As explained in Proposition 2, these dummy shocks represent belief distortions and
can be interpreted as pure beliefs or sentiments. The remaining equations map the revisions to
inflation expectations—arising from the inflation asymmetry estimated in real time by the Skew-t
model—onto belief shocks. This final set of equations pins down the anticipated dummy shocks

required to shift expectations in line with the estimated changes in perceived risk at each horizon.

29The surprise shock needed to neutralize past anticipated shocks affects inflation expectations, which one has to
take into account. These effects are captured by the vector Q%¢?.
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Similarly, the sequence of forward guidance shocks {7}, j|t}3-7:1 in Equation (18):

Uiy — Ver1pe—1 ﬁ:+1|t
Yiyop — Veyap—1 iy
| \ _ _QFG t+2]t 7 (12)
_¢t+J\t - ¢t+J|t—1_ _ﬁZ+J|t_

where the Jx J matrix QF¢ captures the effect of forward guidance shocks on inflation expectations.
This matrix, g, is obtained by solving the beliefs representation of the Smets and Wouters (2007)
model, augmented with the RAIT-based monetary policy rule Equation (17).

The left-hand side of the system in Equation (I12) shows the impact of estimated risk revisions on
inflation expectations, while the right-hand side represents the forward guidance shocks needed to
neutralize that impact. These shocks can be easily obtained by inverting the matrix Qgg. Solving
this linear system ensures that forward guidance neutralizes the effects of the revised balance of

inflation risks on expectations, thereby anchoring them as intended under the RAIT.
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