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Abstract

This paper studies the dynamics of the conditional distribution of US inflation
within a hybrid New Keynesian Phillips curve framework. Conditional inflation
quantiles are jointly modeled using a dynamic multiple quantile specification. To
accommodate time variation and quantile heterogeneity, the smoothed Dynamic
Multiple Quantile model is introduced that allows the Phillips curve slope to vary
over time and across the distribution. Using quarterly data from 1961Q1 to 2025Q4,
we document pronounced nonlinearities in the Phillips curve and in the relative im-
portance of backward and forward-looking inflation expectations. The estimated
slopes are asymmetric across quantiles, with a marked flattening in the upper tail.
The entire cross-quantile profile evolves over time, implying a time-varying Phillips
curve shape. Periodic flattening of the Phillips curve, particularly in the lower tail,
is robust across specifications and consistent with the missing disinflation following
the Great Recession and in the post-pandemic period. Lastly, the filtered condi-
tional inflation quantiles, together with higher-order moments, provide a quantita-

tive measure of inflation tail risk.
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1 Introduction

Price stability is a central objective of monetary policy, and the evaluation of
inflation risk is an important input to fulfill this mandate. Understanding the con-
ditional distribution of inflation, its determinants, and their dynamics is therefore
crucial for policy decisions.

Since the original contribution of |[Phillips| (1958]), particular interest has focused
on identifying the key drivers of inflation dynamics, with emphasis on the relative
roles of forward- and backward-looking price-setting behavior and the strength of
the link between real activity and inflation. Despite substantial methodological
progress, empirical findings remain mixed, and a consensus has yet to emerge.
This is particularly concerning given the widespread imposition of this theoretical
link in studies aiming to identify quantities related to equilibrium or long-term
concepts such as the output gap or the natural rate of unemployment.

Given this context, this paper contributes to the literature on inflation dynam-
ics by jointly modeling multiple quantiles of the US inflation within a framework
motivated by the hybrid New Keynesian Phillips Curve. Building on the Dynamic
Multiple Quantile approach, the model allows the effects of inflation determinants
to vary both over time and across quantiles corresponding to predefined probability
levels.

Traditionally, financial econometricians have focused on studying the behavior
of conditional distributions in the tails, a focus that has become increasingly rele-
vant in macroeconomic contexts. Building on the well-established concept of value
at risk (VaR), a risk metric that quantifies the highest potential loss of a financial
portfolio or asset within a specific time frame at a chosen probability threshold, re-
search into the tail-end behavior of macroeconomic variables has received growing
attention.

At-risk frameworks, such as growth-at-risk (Adrian et al.| [2019)), inflation-at-
risk (Lopez-Salido and Lorial [2024)), and debt-at-risk (Furceri et al., 2025), provide
valuable tools to assess the conditional distribution of macroeconomic variables.
However, these studies typically rely on time-invariant reduced form quantile re-
gressions, in which conditional distributions are linked to a set of explanatory
variables. Specifically, they are based on static specifications with parameters that
are constant within each estimation period and exhibit limited state dependence.

Consequently, while these models provide insight into how current conditions
map into future distributions, they remain limited in their ability to capture the
time-varying and state-dependent nature of quantile dynamics. These limitations
are especially pronounced when modeling inflation dynamics, where persistence
is a well-documented feature implying a gradually evolving conditional inflation
distribution through the propagation of past shocks.

Therefore, in contrast to the standard quantile regression approach, and aligned

with a time-series setting, we consider a dynamic quantile model in which the



quantile of the distribution of the random variable under study is conditioned on
the available prior-period information, p(y; | Z;—1), where Z;_; contains the entire
history of 7, up to time ¢ — 1, thereby introducing an explicit backward-looking
information component.

The proposed model builds on the Dynamic Multiple Quantile (DMQ) frame-
work of (Catania and Luati (2023), with two key departures. First, in line with the
hybrid New Keynesian Phillips Curve (NKPC), additional variables are included
in the specification, namely proxies for marginal cost and inflation expectations.
Second, reflecting theoretical considerations underlying the dynamic Phillips curve
relationship, the slope parameter varies over time and across quantiles. In addition,
inflation inertia and the weight on inflation expectations vary over time, making
explicit the conditional role of backward- and forward-looking components.

An inherent feature of the DMQ model is its reliance on a large set of quantiles
to provide sufficient information for updating the dynamic quantiles. Introduc-
ing quantile-specific parameters in the original framework therefore results in a
substantial increase in model dimensionality. This introduces a trade-off between
retaining sufficient information to update the dynamic quantiles and maintaining
parsimony in the parameter space. In the proposed framework, this trade-off is
relaxed by specifying parameters at a selected subset of probability levels and in-
terpolating them at the remaining quantiles. Therefore, the developed DMQ spec-
ification allows the parameters associated with inflation determinants to vary over
time and across quantiles while keeping the overall parametrization tractable. The
model is interpreted as an observation-driven approximation and is labeled as the
Smoothed DMQ (sDMQ) model, where smoothed refers to the use of monotone in-
terpolation to construct a continuously differentiable parameter curve across prob-
ability levels, thereby ensuring smooth parameter variation over the conditional
inflation distribution.

The main contributions of the study are as follows. First, we generalize the
DMQ framework by allowing parameters to vary jointly across quantiles and over
time, yielding a time-varying and heterogeneous DMQ) specification. Second, we
employ this framework to analyze US inflation dynamics using specifications moti-
vated by the New Keynesian Phillips Curve. Third, we provide empirical evidence
of state-dependent inflation inertia, the role of inflation expectations, and non-
linear Phillips curve dynamics across both time and the conditional distribution,
including a time-varying cross-quantile shape and a persistently flat slope in the
upper tail. Fourth, we demonstrate that the choice of expectation proxy is crucial
for identification: short-run expectations generate richer higher-order dynamics,
whereas more anchored long-run expectations attenuate tail behavior.

A key challenge in estimating the New Keynesian Phillips curve using limited-
information econometric methods is the limited identifying power of economic ag-
gregates, as emphasized by [Mavroeidis et al.| (2014]). This paper shows that in-

corporating distributional information and time variation can provide additional



insights into inflation dynamics beyond conventional aggregate approaches.

Compared to a traditional Phillips curve model, the proposed framework offers
several advantages. First, it captures time-varying and heterogeneous responses of
inflation to its determinants. For example, the Phillips curve relationship at upper
quantiles can differ markedly from that at lower quantiles, which is relevant for
monetary policy. Second, the model characterizes the dynamics of the conditional
inflation distribution, providing information beyond the first two moments that is
useful for monetary policy and risk management.

The empirical analysis, based on quarterly US core inflation, reveals clear het-
erogeneity in Phillips curve relationships across quantiles. The results indicate an
asymmetric Phillips curve that flattens in the upper tail and exhibits time varia-
tion concentrated in the lower and middle parts of the distribution. This profile
evolves over time, with both its shape and magnitude shifting across macroeco-
nomic regimes. Using alternative expectation measures, the short-run specification
yields less persistent slope estimates, while the long-run specification delivers slopes
with greater and more persistent variability. The overall slope profile and its time
variation remain robust across specifications.

During the 1970s, an increase in the weight on inflation expectations is consis-
tent with weakly anchored expectations and the high-inflation regime of the Great
Inflation. Following the Global Financial Crisis, the flattening of the Phillips curve
in the lower tail, combined with strong inflation persistence, is consistent with the
miussing disinflation observed during the recovery. In the post-COVID period, fur-
ther changes in the slope profile and a renewed role for expectations highlight the

importance of state dependence and time variation in inflation dynamics.

2 The econometric framework

The econometric framework for modeling inflation quantiles builds on the Dynamic
Multiple Quantile (DMQ) model of |Catania and Luati (2023). A key limitation
of the DMQ model is its reliance on a large set of quantiles to update the time-
varying quantile processes. When the focus is on studying dynamic relationships
with semi-structural heterogeneity across the distribution, increasing the size of
the jointly modeled quantile set reduces the flexibility of the model specification.

To address this shortcoming, the proposed model imposes a more parsimonious
parametrization. Specifically, parameters of the explanatory variables are specified
only at selected quantiles corresponding to predetermined probability levels and are
subsequently interpolated for the remaining quantiles. Focusing on a reduced set
of quantile processes facilitates the analysis of relationships across the distribution
and opens the way to introduce time-varying parameters.

The section begins with a brief overview of the dynamic quantile Phillips curve
model before outlining its main building blocks in the following subsections. The

baseline DM(Q model, its properties, and its limitations are then discussed in detail,



motivating the subsequent modifications that lead to the proposed sDMQ model.

Lastly, the sDMQ model with time-varying parameters is presented, provid-
ing an effective framework for analyzing the dynamics of inflation quantiles. The
methodology incorporates additional variables in line with a New Keynesian Phillips

curve relationship, with the slope parameter varying across quantiles and over time.

2.1 The dynamic multiple quantile Phillips Curve model

This section introduces the general structure for modeling the dynamics of the
inflation distribution within a DMQ framework. The model is consistent with a
hybrid New Keynesian Phillips Curve (NKPC), relating inflation to both forward-
and backward-looking expectations and allowing for a trade-off between the output
gap and inflation.

The main departure from the baseline DMQ specification is the inclusion of ex-
ogenous variables whose effects on the modeled quantiles are allowed to be hetero-
geneous and time varying. This objective introduces a key difficulty. The original
DMQ model requires joint modeling of a large set of quantiles to obtain sufficient
information for the score-driven updates, thereby limiting the feasible parameter
dimensionality.

The proposed approach addresses this econometric challenge by focusing on a
subset of quantiles at selected locations of the conditional distribution. Through-
out the remainder of the paper, these quantiles of interest are referred to as target
quantiles, and the parameters governing the structural relationships at the associ-
ated probability levels are referred to as target parameters. The parameter values at
the remaining quantiles are obtained by interpolation, implying that these auziliary
quantiles are governed by auzxiliary parameters that are deterministic, smooth func-
tions of the target parameters. This construction restores a large set of quantiles,
providing sufficient information for updating the target quantiles. As a result, the
sDMQ specification enables the analysis of heterogeneous and dynamic responses
of inflation to its determinants across different parts of the inflation distribution.

Quantiles divide the conditional distribution into regions such that a given
proportion of observations falls below each quantile value at a specific probability
level. In other words, the p-th conditional target inflation quantile ¢™(m) is the
inflation rate at which the conditional probability of inflation being less than ¢™ ()
equals 7,. Meanwhile, the probability of inflation being greater than ¢™ () is equal
to 1 —7,.

Consequently, a general NKPC-based specification for the conditional quantile

function of inflation, ¢;” () is given by
4" (1) = 4" (7) + Kpr ¢ + 6 Ey(mig), (2.1)

where ¢, (7) denotes the pth conditional target inflation quantile at the probability

level 7, given the information set available at time ¢ — 1. The term z; represents



a proxy for real marginal cost, with a time-varying slope parameter x,; specific to
each quantile process. The variable E;(m;y1) denotes the forward-looking inflation
expectations with a time-varying weight §,. The term ¢, (7) denotes the score-
driven dynamic quantiles, each with its own updating process, described in the
following section.

To conclude the section and for ease of reference, Table|l|summarizes definitions

of the key quantile objects and parameters employed in the sDMQ framework.

Table 1: Notation and Definitions

Term Notation Definition

Target quantiles G Directly modeled semi-structural conditional quantiles.
Auxiliary quantiles a;’ Quantiles not directly parametrized.

Dynamic quantiles q’ Score-driven quantiles driving the target dynamics.
Target parameters Fopt Time-varying slope parameters at target quantiles.
Auxiliary parameters &;¢ Time-varying slope parameters at auxiliary quantiles.

2.2 The score-driven update of the DMQ model

Several features make the DMQ framework attractive for jointly studying the dy-
namics of the inflation quantiles. First, the model satisfies the non-crossing quantile
criterion by construction. Second, it is consistent with the defining property of fixed
quantiles, ensuring that in the limit the proportion of observations falling below the
unconditional 7-level quantile converges to 7. Third, the model can handle a large
set of quantiles simultaneously, ensuring that it incorporates sufficient information
to drive the evolution of the time-varying quantiles.

Yet the main novelty of the DMQ model lies in its use of a score-driven updating

scheme. Formally, |Catania and Luati (2023) define the updating process as

@t =g, i T < T
T Tax .
@ =9{a", if 7; = 75+ (2.2)

~Tj—1

q; +77j,t7 if Tj > Ty

with

@Tj* = (jgj* (1-08)+ auz& + B@Tﬂ (2.3)
where Q'gj* denotes the unconditional quantile at the reference probability level,
is the inertia parameter, and « controls the weight of the forcing variable. The
process serves as the reference quantile, defining the dynamics of the remaining
quantiles through

Njt = eXP(fj,t) (2.4)



which are positive-valued random variables with

Eiv = &0(1 — ) +yuy + ¢&1 (2.5)

where ¢ and v denote the inertia and updating weight parameters, respectively.
The quantile-specific terms u;’" and u;’ are the forcing variables responsible for

the filtering update defined as

—1 1 e - .
g Zgz1zi,ta if j < j*
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where by = 1(7; < 7;+) — 1(7; > 7;+) and a; is a normalizing term defined as in
Catania and Luati| (2023). This normalization is analogous in spirit to inverse in-
formation scaling in score-driven models. However, it is based on the unconditional
second moments of empirical quantiles rather than on a parametric likelihood.

The hit variable z;; takes the form of

a J
2y = a—qt ; Pr; (yt

pfj —q7) =1(y; < QtTj) —Tj (2.7)

IIM&

QtTJ

where 2, = (24, i1 =1,..., J)/ and pr(x) = x (7 — L(x < 0)) is the quantile check
function with the indicator function 1(-).

Importantly, the sequences of the hit variable {z; };cy and the corresponding
forcing variable {u;’ };en are independent and identically distributed (iid) with zero
mean and constant variance. Consequently, the updating mechanism of the DMQ
model is consistent with the general class of observation-driven models (Creal et al.),
2013; Harvey, 2013)). Hence, the model provides an observation-driven representa-

tion of a predefined set of quantiles within the score-driven framework.

2.3 Inflation inertia and expectations dynamics

To introduce state dependence in the NKPC relationships, first we allow the iner-
tia parameter 3, associated with the dynamics of the reference quantile, to vary
over time. In addition, we reassign the forward-looking component in equation
by replacing the unconditional quantile at the reference probability level q}?* in
equation with inflation expectations E;(m;11). This yields a standard and eco-
nomically coherent identification strategy without expanding the parameter space,
while providing a convenient way to quantify the relative weight of inflation inertia
and forward-looking inflation expectations.

Accordingly, the reference quantile process in equation is redefined as

G = (1 —exp(Br)) Eo(mes1) + aug”y + exp(B) (2:8)



and the updating equation for the time varying weight parameter takes the form
of

B = (1= ¢p)Bo + dpbir + paul (2.9)

where ¢g denotes the inertia parameter, pg the loading coefficient on the forcing
variable uf , and Sy the long-run reference weight, capturing the relative importance
of backward- and forward-looking components in conditional inflation dynamics.

Lastly, the innovation ut’B is defined as

J

0 < . dp-, 9g." e
utﬁ = a_ﬁt ]Z_;PTJ- (yt - Qtj) = ; 8qt7j* gtﬂt =z exp(ﬁt)(qtj_l - Et(m+1)).

(2.10)

It should be noted that, by construction, beyond its direct effect on the refer-
ence quantile, inflation expectations affect the dynamics of the remaining quantile
processes indirectly through the reference quantile, in a manner analogous to the

inertia parameter § in the baseline DM(Q specification.

2.4 Quantile-heterogeneous and time-varying slopes

The stability of the slope of the Phillips curve remains a topic of ongoing debate.
Although some studies find little evidence of significant changes in recent decades
(e.g., Hazell et al., 2022), others point to structural changes within the New Key-
nesian framework, including changes in the Phillips curve itself. For example, |[Ball
and Mazumder| (2011)) argue that inflation dynamics changed notably after the
global financial crisis (GFC), and [Rossi et al.| (2024)) provides evidence of a marked
decline in the slope of the Phillips curve since the 1980s. Given these conflicting
findings, the question of whether the Phillips curve has genuinely flattened over
time remains unresolved.

A natural way to address these considerations within the present framework is
to allow the Phillips curve slope parameter to vary across time and quantiles. How-
ever, as shown, the score-driven update of time-varying processes requires modeling
a large set of quantiles. This poses a nontrivial challenge to the objectives of the
study because the original DMQ specification would require a substantial expan-
sion of the parameter space, thereby creating a dimensionality problem. Assigning
common parameters to broader quantile ranges mitigates this burden. However, it
induces substantial bias by imposing a non-smooth structure on the slope param-
eters across the distribution, thereby limiting their economic plausibility.

To address this challenge, an alternative approach is adopted to reduce the
number of required parameters while retaining sufficient heterogeneity in the slope
parameters and enhancing smoothness across quantiles. Specifically, a reduced set
of parameter processes, ky,, is specified and interpolated to obtain the complete set

of quantile-specific parameters at each time ¢t. These time-varying slope parameters



are associated with a set of target quantiles defined at predefined probability levels,
hereafter referred to as target probability levels. Specifically, the analysis considers
the standard set 7 € {0.05,0.25,0.75,0.95}, which is commonly used in studies of
tail risk of macroeconomic variables (e.g., |Adrian et al., [2019; Loépez-Salido and
Loria, [2024). Additionally, we include the central quantile 7 = 0.50, as the median
is the standard reference and improves economic interpretation. Empirical evidence
in |Catania and Luati| (2023)) further supports this choice, showing that probability
levels close to the median minimize the objective function.

The selection of the predefined probability levels serves two primary purposes.
First, it ensures representation of the key regions of the distribution while maintain-
ing a balance between parsimony and flexibility. Second, it facilitates identification
consistent with theoretical considerations. Under the minimal and economically
reasonable assumption that the parameters are monotone between these probabil-
ity levels, this specification provides sufficient structure to support the interpolation
step.

Building on the proposed modifications to the modeling framework, Eq. is

reformulated using the updated notation as
¢ (m) = G’ (1) + exp(k;) 21, (2.11)

where the full set of conditional inflation quantiles ¢;’ (7) comprises the directly
modeled target quantiles ¢,” () at the target probability levels and auxiliary quan-
tiles ¢, (7) at the remaining probability levels. Correspondingly, the full set of
slope parameters k;; = (kj4, j = 1,...,J)" is constructed from the vector of target
parameters kp¢ = (Kpt, p = 1,..., P)', with the remaining elements obtained by
interpolation. Specifically, for non-target probability levels, x;; is deterministically
generated from the target parameters 4, ;, which in turn yields the J — P auxiliary
quantiles whose slope parameters are not directly estimated.

Formally,
ki = 1(1; = 7,) Rpr + L(7j # Tp) Ryt (2.12)

where R;; are obtained by monotone piecewise cubic interpolation (MPCI), as
described in |Fritsch and Carlson (1980), within the range spanned by the target
parameters, and by extrapolation for probability levels below 7 = 0.05 and above

7 = 0.95. Using this construction, the interpolated parameters are given by

T T Ti — Tpr(j
Rjt = hoo(bj) k(" + hot(bj) K7, b = ﬁ’ (2.13)
prulJ prrLJ

where pz(j) = arg max . ,<r, 7, and py(j) = argmin,, -~ 7,, and the MPCI basis

functions are

hoo(b) = 2b° — 3b* + 1, ho1(b) = —2b° + 3b*, (2.14)



Turning to the specification of the target parameters, their time-varying process

follows an autoregressive (AR) process and is defined as

’%p,t = ’%p,o + qs;'%p,tfl + Ppug,t, (215)

where £, denotes the quantile-specific intercept terms, ¢; are the inertia param-
eters, and uy , are the forcing variables weighted by p,,.

Lastly, the forcing variables are specified as

T dp dq;” Ok
T] t J»t
E N E 2.16
Upe = 8A, — p] 8qt Okjt Ofipy’ ( )

where the individual components of the forcing variable are obtained as

Op-, -

thTj I(m < q’) — 75 = 24,

dq,’

—— = exp(Kiq) Ty,

8’{3‘715 p( j,t) t

alﬂ)ji 1’ Tj = Tp;

Dot hoolby) 1p = pL(G)} + hou(by) 1p = pe(i)} 75 %75

The resulting forcing variable is therefore

<

= zj4 exp(kze) 1 [hoo(by) 1{p = pr(j)} + hor (b)) Up = pu(4)}] . (2.17)

J=1

At this point, it is important to note that constructing the forcing variable in
this manner implies that each target TVP depends on the corresponding inter-
polated parameters. While this design choice confines the information channel to
selected regions of the distribution, it also provides a tractable and transparent
way to extract information that feeds into the score-driven updates.

Finally, recall that the semi-structural inflation quantiles and their associated
parameters at the target probability levels are of primary interest and are mod-
eled directly. The interpolated parameters primarily serve to generate a sufficiently
dense set of auxiliary quantiles that, via the forcing variables, provide the infor-
mation required to update the directly specified target quantiles. Accordingly, the
proposed specification should be interpreted as an observation-driven approxima-
tion to the evolving conditional inflation distribution rather than as the exact data
generating process. The smoothing structure imposed across quantiles therefore
serves primarily as a regularization device that facilitates identification and stable
estimation. By confining economic interpretation to the target quantiles and using
auxiliary quantiles exclusively within the updating scheme, this construction also

helps mitigate potential bias arising from the imposed cross-quantile restrictions.
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2.5 Estimation

The estimation of the model uses the theoretical results of Catania and Luati (2023)
for the standard DMQ model. This approach adopts the estimation method first
proposed by White et al.| (2015).

Specifically, the estimation relies on the quantile check loss function. This func-
tion can be interpreted as the negative log-likelihood of an asymmetric Laplace-type
density (Koenker and Machado, [1999; Poiraud-Casanova and Thomas-Agnanl, 2000
Kotz et al. [2001). More generally, it can be viewed as a member of the tick-
exponential family introduced by |Komunjer| (2005). In the absence of an explicit
conditional distributional assumption, minimization of the check loss is equivalent
to quasi-maximum likelihood (QML) estimation. Thus, the updating scheme can
be viewed as a quasi score-driven (QSD) model, which generalizes the standard
score-driven framework outlined in Blasques et al.| (2023)).

The loss function measures the difference between the observed and predicted
values at the probability levels j. Accordingly, the static parameters of the model

are estimated by minimizing the objective function of

T J
Or =argmind > pr, (e — a7 (0)) (2.18)

t=1 j=1
where ¢,’(f) denotes the jth conditional inflation quantile, encompassing both
target and auxiliary quantile processes. The parameter vector 6 collects the static
parameters governing the updating dynamics of the J score-driven quantiles and
the P time-varying target parameters. The objective function evaluates 6 to obtain

the parameter values that best fit the observed data.

3 Empirical analysis

3.1 Identification and model specifications

Building on the framework presented in Section [2| we consider the full sSDMQ
NKPC model

g7’ () = G’ () + exp(K) Te1, (3.1)

where §,’ (1) denotes the dynamic quantile component defined in Egs. [2.2 with
the modification for the reference quantile process introduced in Egs. 2.10
The updating scheme for the time-varying Phillips curve slope &, is described in
Eqgs. The marginal cost z;_; is approximated by the output gap. Note
that, in the empirical specification, both the output gap and inflation expecta-
tions are treated as predetermined and enter the model in lagged form to mitigate
contemporaneous endogeneity concerns.

As is well known, US inflation exhibits high persistence. This makes the iner-

tia component a key determinant in the present setting. Specifically, the intrinsic
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inflation persistence in the inflation quantile process arises from the AR depen-
dence on past quantiles, thTi*l and &, appearing in Eq. and , respectively.
Importantly, by conditioning on information up to time ¢t — 1, these AR terms
substantially reduce the risk of misspecification often arising from omitted lagged
inflation dynamics.

Beyond estimating the fully specified sSDMQ-TV model defined in Eq. [3.1] the
empirical analysis considers a sequence of restricted specifications starting from the
baseline DMQ model, which abstracts from structural relationships. In addition to
enhancing estimation stability and enabling the evaluation of incremental model
improvements, this approach also helps improve identification. For clarity, Table

summarizes the model specifications considered in this section and their shorthand

notation.
Table 2: Summary of model specifications
Model Description
DMQ Baseline DMQ model with the specification of |Catania and Luati (2023)
DMQ(S/L) DMQ NKPC with static quantile-homogeneous parameters (3, k)
DMQ-TV(S/L) DMQ model with time-varying quantile-homogeneous parameters (3, ¢)
sDMQ(S/L) sDMQ NKPC with static quantile-heterogeneous slopes (5, p)

sDMQ-TV(S/L) sDMQ NKPC with time-varying quantile-heterogeneous slopes (8:, fp.¢)

Note: S and L denote models with short-run and long-run inflation expectations, respectively.

Augmenting the baseline DMQ model with time-invariant inflation determi-
nants represents a useful intermediate step. First, it provides a basis for evaluating
the relevance of moving from a fully reduced-form inflation dynamics toward a
more structural specification. Second, the time-invariant estimation of the relative
weights of inflation inertia and forward-looking expectations [ and the PC slope
k provides a useful anchor for the time-varying specifications (DMQ-TV). Specifi-
cally, the parameterization of the time-varying evolution of these parameters, as in
Eq. 2.8 allows these estimates to serve as long-run reference values, thereby im-
proving identification. Similarly, by capturing quantile heterogeneity in the Phillips
curve slope, the time-invariant sDMQ model provides a natural basis for treating
these estimates as long-run reference values in the SDMQ-TV specification.

While the DMQ-TV specification helps assess time variation, the sDMQ model
with static parameters allows for the assessment of quantile heterogeneity. Com-
paring the estimation results of these specifications allows the two dimensions to be
assessed in isolation, whereas the sSDMQ-TV model enables their joint assessment.

Higher-order moments of the conditional inflation distribution are of partic-
ular interest in the present study. To adequately capture distributional shape
and tail behavior, J = 99 conditional inflation quantiles are considered across
all specifications. Among these, P = 5 target quantiles at probability levels
7, € {0.05,0.25,0.50,0.75,0.95} are directly estimated in the sSDMQ specifications
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(sDMQ and sDMQ-TV). The remaining J — P = 94 quantiles are treated as aux-
iliary and primarily serve to inform the score-driven updating mechanism.
Consequently, the full set of dynamic conditional inflation quantiles, comprising

both target and auxiliary quantiles, is defined as follows:
¢’ (m) =inf{m: Fyy_1(7) >7;}, 7;€{0.01,0.02,...,099}, j=1,....J
¢’ () =inf{7: Fyp_1(r) >7}, p=1,...,P,
g’ (m) =inf{7: Fy_1(r) > 7}, 7€{0.01,0.02,...,0.99}\ {5}

Several restrictions are imposed to strengthen identification and ensure stable
parameter estimation in the sDMQ-TV model. First, the coefficients governing the
score-driven updating of the Phillips curve slope parameter, namely the weight on
the forcing variable, p,, and the AR coefficient, ¢;, are restricted to be common
across the five target quantiles. Second, the initial values and long-run reference
values are fixed to the corresponding time-invariant estimates from the sDMQ
model.

Taking these constrains into account, and after reparameterizing Eq. 2.15] the

time-varying Phillips curve slope update is given by

/%Pﬂf = (1 - ¢f€)’%p,0 + ¢I€"%p,t—l + pu;r (32)

This reparameterization reduces model dimensionality and enhances estimation
stability. Importantly, it provides an economically justified approach to setting
the initial values of the time-varying parameters, thereby further reducing the
effective parameter space. It also improves economic interpretability. When ¢, <
1, Apo represents not merely an initial condition but a long-run reference level,
interpretable as the quantile-specific long-run Phillips curve slope. Consequently,
the parameters &y, o are estimated using the static SDMQ specification and employed
in the time-varying model, reinforcing identification.

Given the relative sparsity of inflation realizations in the tails and the numerical
instability induced by interpolation, which can exacerbate the non-smoothness of
the likelihood function in the DMQ framework, the static slope parameters may
be weakly identified. We address this issue along several dimensions. First, rather
than relying on extrapolation beyond the extreme probability levels, we fix the
slope in the tail regions at the value estimated at the corresponding boundary
quantiles. Second, we impose a lower bound on the slope parameters, x, > 0.0025,
to enhance numerical stability.

Finally, instead of fixing the initial values &, to the time-invariant sDMQ
estimates, we adopt a shrinkage-based parameterization that allows for partial
pooling across quantiles. Specifically, 4, is modeled as a convex combination
of the quantile-specific estimates &, obtained by the sDMQ specification and a

homogeneous long-run reference &, defined as the cross-quantile average of the five
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target quantile estimates, with the shrinkage intensity governed by the parameter

Ys.
Formally,

Rpo =R+ s (kp — R) (3.3)

where 1), € [0, 1] determines the degree of slope heterogeneity across quantiles: the
closer its value is to unity, the closer the heterogeneity is to that estimated in the
static sSDMQ specification.

An important aspect of the DMQ framework is the normalization of the forcing
variables across quantile processes. Because the construction of the forcing vari-
ables uy, defined in Eq. relies on multiple components, scaling by a single
normalizing term a,, ! asin Eq. , is no longer appropriate, as it fails to account
for the parameter dependence of the forcing variables.

To address this problem, we adopt a data-driven normalization strategy that
accounts for the dependence of the variance of the forcing variables on the shrinkage
parameter. Specifically, we precompute a variance surface V},(@DS; kp) over a grid
s € {0,0.1,...,1}, where the variance is evaluated under a fixed-parameter speci-
fication, i.e., p = 0. During estimation, this surface is evaluated at the current value
of 1, via shape-preserving spline interpolation, yielding V, (v; &,) = P (¢s; \A/p) The
forcing variables are then normalized as uj, = Vo (s fep) ™Y 2“;,75- This procedure
ensures that the scaling of the forcing variables appropriately reflects the under-
lying parameterization, leading to comparable variances across quantiles, which
stabilizes the dynamics and improves optimization behaviour.

Taken together, the fully specified sDMQ-TV model is estimated by jointly
estimating the following parameter vector, with 3y, and &, obtained from the
sDMQ model and ¢4 from the DMQ-TV model:

0= (CY, e ¢7 (bm Pk P8, ws)a

where all parameters are constrained to be positive, and «, ¢, and ¢, are further

restricted to lie within the unit interval.

3.2 Data description

To analyze the dynamics of US inflation, the seasonally adjusted annualized quar-
terly growth rate of the core Personal Consumption Expenditures (PCE) price
index is used over the period 1961Q1 to 2025Q4. Core PCE inflation serves as the
key measure of inflation for the Federal Reserve (Fed), capturing underlying price
trends by excluding volatile food and energy components and providing a compre-
hensive measure of consumer prices that reflects evolving spending patterns.
Across all specifications, the output gap is defined as the difference between the
logarithm of real GDP and the logarithm of potential output, which serves as a

proxy for real economic slack. The output gap series is based on estimates from
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the Congressional Budget Office (CBO). Our choice of the CBO series is motivated
by its structural nature, as potential output is derived from a production function
framework that explicitly accounts for trend labor input, capital services, and total
factor productivity. In addition, the CBO output gap is widely used in empirical
macroeconomic analysis, ensuring comparability with the existing literature.

We proxy inflation expectations using the 2-year inflation expectations series
from the Federal Reserve Bank of Cleveland, obtained from FRED at a quarterly
frequency and available from 1982Q2 onward. Following the approach of
and Eggertsson| (2023), the series is extended backward to 1961Q1 using 12-month

inflation expectations from the Livingston Survey. As the latter is available at

a semiannual frequency, missing quarterly observations are interpolated using a
spline-based, curve-preserving method.

In addition, we use long-run PCE inflation expectations as an alternative longer-
horizon measure of expected inflation to assess the sensitivity of the results to the
expectations specification and facilitate comparison across alternative expectation
measures. Following the approach of |Clark and Doh| (2014), also adopted by
gro et al| (2017)), the series is constructed by combining Survey of Professional
Forecasters (SPF) data from 2007Q1 onward with survey-based long-run (5- to 10-
year-ahead) PCE inflation expectations from the Federal Reserve Board’s FRB/US

econometric model for earlier periods.
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Figure 1: US core PCE inflation and inflation expectations (upper panel) and CBO output gap
(lower panel), 1961Q1-2025Q4.

Figure [1] displays the inflation series and Phillips curve determinants used in
the analysis. The upper panel shows US core PCE inflation alongside short-run
and long-run inflation expectations over the sample period. Core PCE inflation is
highly volatile during the 1970s and early 1980s, followed by a sustained moderation
from the mid-1980s, and a renewed increase in the post-COVID period. Long-run

inflation expectations co-move with PCE inflation but exhibit smoother dynamics
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and attenuated short-run fluctuations. In contrast, short-run expectations display
greater variability and respond more strongly to cyclical movements in inflation.
The lower panel reports the CBO output gap over the sample period. The series
exhibits pronounced cyclical dynamics, with large negative gaps during major re-
cessions, notably in the early 1980s, the Great Recession, and the COVID-19 shock
in 2020. Overall, the figure highlights the joint evolution of inflation, expectations,

and real economic slack, which motivates the empirical Phillips curve specification.

Table 3: Summary statistics of inflation and its determinants (1961Q1-2025Q4)

Variable i o ¢ 1% JB test

Inflation rate 3.192  2.099 1.224 4.274  82.498 (0.000)
Short-run expectations  3.446 2.190 1.542 5.234 157.160 (0.000)
Long-run expectations ~ 3.052 1.508 1.203 3.327  63.840 (0.000)
Output gap -0.248 2.254 -0.381 4.086  19.072 (0.000)

Note: JB test refers to the Jarque and Bera test for normality. Parentheses report p-values.
All series reject normality at the 1% level.

The descriptive statistics of the inflation rate, the output gap, and inflation
expectations over the analyzed period are reported in Table[3] As shown, the infla-
tion rate has a positive mean fi of 3.19%, reflecting the long-run average quarterly
inflation rate in the sample. Its standard deviation & of 2.10 indicates substantial
unconditional volatility. Positive empirical skewness (( = 1.22) reveals asymme-
try, while kurtosis (v = 4.27) suggests a fat-tailed distribution consistent with
occasional high-inflation episodes.

In contrast, the output gap has a mean close to zero (i = —0.25), as expected
given its definition as a cyclical deviation from potential output. Its empirical
distribution is slightly negatively skewed ({ = —0.38) and exhibits elevated kurtosis
(r = 4.09), indicating somewhat heavier tails than a Gaussian benchmark.

Turning to inflation expectations, short-run expectations display a higher mean
(i = 3.45) and greater dispersion (¢ = 2.19) than realized inflation. Their dis-
tribution is strongly right-skewed ({ = 1.54) and leptokurtic (7 = 5.23), pointing
to pronounced asymmetry and tail risk. By contrast, long-run expectations are
more tightly anchored, with a lower standard deviation (¢ = 1.51) and kurtosis
(7 = 3.33), and a mean (i = 3.05) close to that of realized inflation. Their skewness
(¢ = 1.20) remains positive but less pronounced than for short-run expectations.

The characteristics of the empirical distributions suggest that the observables
are not normally distributed unconditionally. This is confirmed by the Jarque—Bera

(JB) test, which rejects the null hypothesis of Gaussianity for each series.
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3.3 Parameter estimates

This section reports the estimation results for the specifications summarized in
Table [2| using short-run (S) and long-run (L) inflation expectations.

An important consideration in the use of survey-based inflation expectations
concerns their measurement and informational content. As emphasized by Mavroei-
dis et al.| (2014), survey expectations are potentially contaminated by a composite
error term reflecting both measurement error and information frictions, arising
from the reliance of survey respondents on a more limited information set than
that assumed in the model, as well as their limited ability to filter out cost-push
shocks. As a result, survey-based expectations are subject to noise and may not
be strictly exogenous.

While lagging the expectations measure helps alleviate endogeneity concerns,
it does not resolve the fundamental identification problem that arises when ex-
pectations exhibit limited variation. In such cases, their contribution to inflation
dynamics becomes weakly identified, as emphasized by Mavroeidis et al.[ (2014]) and
discussed more broadly in |Cochrane| (2011). This implies that the empirical role of
expectations may depend critically on the variability of the expectation proxy em-
ployed. In this context, alternative measures that are more strongly anchored, such
as long-run expectations, may yield substantially different implications for both the
estimated weight on expectations and the implied dynamics of the Phillips curve.

The estimated parameters and corresponding objective function values are re-
ported in Tables [] and 5] The aggregate loss and information criteria in Table
indicate that model fit improves substantially when moving from the baseline
DMQ model to its PC-augmented counterparts, DMQ(S) and DMQ(L). The gain
in model fit is more pronounced under the DMQ(S) specification, which is as-
sociated with steeper estimated slope parameter and larger expectation weights
relative to the corresponding specification based on long-run expectations. This
suggests that short-run inflation expectations provide stronger identifying varia-
tion in the estimated models, consistent with the identification issues discussed
above. Whether the nearly flat slope parameters in the homogeneous DMQ(L)
and DMQ-TV(L) specifications reflect weak identifying variation associated with
long-run inflation expectations warrants further investigation.

Parameters governing the score-driven updating of the dynamic quantiles are
broadly comparable across specifications, with some notable exceptions. First, the
estimate of 5 under the benchmark DMQ model is close to unity (5 = 0.99999), sug-
gesting that the unconditional median contributes little information to the dynamic
quantile updating process. In contrast, the lower estimates of § under the semi-
structural specifications suggest that incorporating inflation expectations into the
reference quantile process reduces the inertia, and hence the role of the backward-
looking component. Second, when comparing specifications based on the two types

of expectations, the higher estimates of § and a associated with long-run expec-
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Table 4: Estimated parameters of the DMQ specifications with short-run (S) and
long-run (L) inflation expectations over 1961Q1-2025Q4

DMQ DMQ(S) DMQ(L) DMQ-TV(S) DMQ-TV(L)

Dynamic quantile update

« 0.531 0.459 0.526 0.471 0.572
B8 1.000 0.883 0.941 0.925 0.940
¥ 0.070 0.083 0.042 0.080 0.034
10) 0.998 0.997 0.998 0.997 0.998
TVP-related parameters
Pk - - - 0.013 0.281
Ox - - - 0.756 0.998
P8 - - - 0.088 0.302
?s - - - 0.985 0.849
Semi-structural parameters
1-8 <0.001 0.117 0.059 0.075 0.060
K - 0.052 0.010 0.052 0.005
Model fit
Loss  6017.1 5886.2 5975.4 5871.3 9936.8
AIC 12042.2 11782.4 11960.9 11756.6 11887.6

Note: Under DMQ-TV, the reported /3 values correspond to sample averages. Loss values denote
the final negative quasi-maximum likelihood (QML) objective function evaluated at the estimated

parameter values.

tations indicate a more persistent dynamic quantile updating process, consistent
with the lower variability and weaker identifying content of long-run inflation ex-
pectations. Third, the lower estimates of v under the specifications with long-run
expectations indicate a weaker response of the positive-valued processes around
the reference quantile to new information, suggesting more muted distributional
dynamics.

Distinct persistence dynamics also emerge in the TVP updating processes un-
der the time-varying DMQ specifications. Specifically, the homogeneous slope dy-
namics become highly persistent, approaching a near random-walk process when
long-run expectations are considered. In contrast, slope-updating persistence is
less pronounced in the DMQ-TV(S) specification.

The opposite pattern emerges for the expectation-weight process, with stronger
inertia in the relative weight assigned to short-run expectations compared with the
specification based on long-run expectations.

A similar pattern arises in the dynamic quantile and TVP updating processes
in the sDMQ specifications reported in Table 5] Notably, the average values of
the slope parameters k become more stable and more comparable across speci-
fications. This suggests that removing the homogeneity constraint on the slope
parameter alleviates potential identification issues associated with long-run infla-

tion expectations. More importantly, the estimated slope parameters across the
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Table 5: Estimated parameters of the SDMQ specifications with short-run (S) and
long-run (L) inflation expectations over 1961Q1-2025Q4

sDMQ(S) sDMQ(L) sDMQ-TV(S) sDMQ-TV(L)

Dynamic quantile update

« 0.509 0.564 0.483 0.568
153 0.872 0.939 0.922 0.937
¥ 0.084 0.025 0.075 0.024
10) 0.997 0.998 0.998 0.998
TVP-related parameters
Pk - - 0.112 0.148
Ox - - 0.712 0.920
P8 - - 0.100 0.335
?s - - 0.985 0.849
Vs - - 0.969 0.839
Semi-structural parameters
1-0 0.128 0.117 0.078 0.063
K 0.069 0.052 0.066 0.057
Kr=0.05 0.092 0.093 0.091 0.081
Kr=0.25 0.094 0.088 0.093 0.073
Kr=0.50 0.077 0.081 0.076 0.067
Kr=0.75 0.065 0.064 0.065 0.059
Kr=0.95 0.003 0.003 0.005 0.006
Model fit
Loss 5845.6 5939.4 5831.1 5914.3
AIC 11709.1 11896.8 11676.1 11842.7

Note: Under the sDMQ specification, the reported values of x are averages across quantiles, while
under sDMQ-TV they are averaged across both time and quantiles. Under sDMQ-TV, both &,
and 3 correspond to sample averages, and ¢z is obtained from DMQ-TV. The reported aggregated
loss values correspond to the final negative quasi-maximum likelihood (QML) objective function

evaluated at the estimated parameter values.

target probability levels reveal non-negligible heterogeneity, driven primarily by
the substantially lower slope estimates in the upper tail of the conditional distri-
bution.

Turning to the SDMQ-TV models, the high value of the shrinkage parameter
1 implies that the time- and quantile-averaged values of the time-varying slope
parameter k,; remain comparable to those obtained under the static sDMQ speci-
fications. Notably, the SDMQ-TV specification with short-run expectations attains
the lowest aggregate loss and information criteria, indicating superior overall model
fit.

Figure [2| provides a visual overview of the estimated slopes and reveals pro-
nounced asymmetry. The slope is consistently steepest at the lower tail (long-run
specifications) and the first quartile (short-run specifications) of the inflation dis-

tribution. This pattern suggests that inflation is more responsive to real activity
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under lower-tail and lower-quartile inflation outcomes. Moving toward the median,
the slope flattens somewhat but remains moderately steep around the median, be-
fore declining sharply toward the upper tail, indicating a weak output-inflation

trade-off at higher inflation outcomes.
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Figure 2: Phillips curve slopes across inflation quantiles obtained from different specifications.

Values for the sDMQ-TV model correspond to sample-averaged slopes.

It should be noted that the static sDMQ model yields less stable estimates
of the slope parameter in the lower tail, as reflected in their sensitivity to initial
values and estimation settings. To address this, we conduct a robustness analy-
sis in which the target tail quantiles are set to 7 = 0.1 and 7 = 0.9, with flat
extrapolation applied beyond these thresholds to increase the effective number of
observations in the tails. While the resulting estimates are qualitatively similar,
we acknowledge the possibility of weak identification in the lower tail under the
static SDMQ specification.

The ambiguity surrounding the static lower-tail slope parameter under the
sDMQ specification likely reflects multiple factors, including the limited number of
effective observations due to the rarity of deflationary episodes in the sample pe-
riod and potential time variation. Given the improved model fit of the DMQ-TV
and sDMQ-TV specifications relative to more restricted alternatives, the evidence
points to time variation as an important contributing factor. Overall, these results
indicate that the inflation—output gap trade-off differs systematically across the
inflation distribution and evolves over time, highlighting the importance of mod-
eling time-varying and quantile-heterogeneous slopes rather than relying on static
homogeneous specifications.

In summary, the results indicate clear heterogeneity in the trade-off between
inflation and the output gap across the inflation distribution. The static sDMQ
model consistently reveals an asymmetric slope profile, with the steepest slopes at

lower and central quantiles and a sharp decline toward the upper tail. In general,
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this pattern is preserved when allowing for time variation in the slope parameters.
Model fit improves substantially under the sDMQ specifications relative to the
benchmark DMQ models, with the sDMQ-TV specifications delivering the best
overall fit.

3.4 Phillips curve slope dynamics

This section analyzes the evolution of the time-varying Phillips curve slope across
quantiles of the conditional inflation distribution. By allowing the inflation—output
gap trade-off to vary over time and across probability levels, we assess the extent
of time variation and distributional asymmetry in the slope dynamics.

Figure [3 displays the time-varying Phillips curve slope estimates obtained from
the sDMQ-TV specification with short-run inflation expectations, revealing impor-
tant dynamics in the shape of the Phillips curve that remain hidden when consid-
ering its static distributional profile alone. The slope is steepest and exhibits the
greatest variability at the first quartile and in the lower tail; it remains moderate
and relatively stable around the median and declines toward higher probability

levels, becoming nearly flat in the upper tail.

0.15

L
e
<
0.05
0 [ e 1 I I I I I I I 1 I I — 1
1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025
015

K’Tpf

A
017 ~an A /A A JJ\ VA e m}\w»,»\/\nm ] | /‘\I\
X %./’ ,I‘\,J“/ f:: "_,I‘ A /:‘V‘v',“*‘f\ L M’[" Y™, .as,‘l./\'\' i ll"‘ ™ ~1 ’In""
i ‘\ l' I W 1 .‘,I, T v \" "V" 4 || ~
0.05 7 |

—7,=0.25
7, = 0.05
—==7, = 0.50
0 I L 1 | 1 1 | | 1 1 | |
1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025

Figure 3: Time-varying Phillips curve slope parameters across the US conditional inflation
distribution at the target probability levels obtained by sDMQ-TV specification with short-run
expectations.

The results indicate an asymmetric Phillips curve across the conditional infla-
tion distribution, with time-varying patterns that coincide with major macroeco-
nomic episodes in the US economy. Importantly, this time variation alters the slope
profile substantially in certain periods. For example, during the early 1980s, un-
der Volcker monetary tightening, the slope asymmetry becomes more pronounced,

with relatively steep slopes at lower and middle quantiles. As the monetary policy

21



shock attenuates, however, the slope profile compresses, leading to more homoge-
neous slopes across quantiles, except for the upper tail.

Another notable change in the slope profile occurs in the post-GFC period, when
the slope at the first quartile reaches historically high levels. This pronounced shift
coincides with periods of effective lower bound and below-target inflation. From a
New Keynesian perspective, this pattern is consistent with state-dependent Phillips
curve dynamics, potentially reflecting greater inflation sensitivity to real marginal
costs under low-inflation conditions and constrained monetary policy. Given the
effective lower bound and the pronounced steepening at the first quartile, this

pattern suggests that mechanisms beyond downward nominal rigidities were likely

at work during this period, consistent with Fuhrer et al.| (2012).

Lastly, following the COVID-19 pandemic, the Phillips curve relationship weak-
ens markedly in the lower quantiles of the inflation distribution. This breakdown
in the link between the output gap and inflation is consistent with the absence of
disinflation. In contrast, standard New Keynesian models with a time-invariant
Phillips curve slope would typically predict disinflation following a sharp but tran-

sitory contraction in output.
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Figure 4: Time-varying Phillips curve slope parameters across the US conditional inflation
distribution at the target probability levels obtained by sDMQ-TV specification with long-run

expectations.

Figure [4] displays the estimated slopes based on the specification with long-run
expectations. While the slope profile dynamics are broadly comparable to those
observed under the short-run expectations specification, their time variation is
more pronounced. Specifically, except for the post-Volcker disinflationary episode,
the degree of heterogeneity exhibits greater variability and more substantial cross-

quantile shifts over time. Importantly, the collapse of the Phillips curve relationship
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in the lower tail and at the first quartile during the post-COVID period becomes
more evident relative to the specification with short-run expectations.

Overall, comparable Phillips curve dynamics emerge under both the long- and
short-run expectations specifications, albeit with stronger persistence and greater
variability under the long-run specification. The flattening of the Phillips curve in
the lower tail and at the first quartile following the Great Recession and during
the post-COVID period is consistent with the missing disinflation observed during
these episodes. More broadly, the results highlight the importance of allowing for
both time variation and distributional heterogeneity in the analysis of US inflation
dynamics. The sDMQ-TV specification captures economically meaningful variation
that is obscured in models imposing static or quantile-invariant slopes. The Phillips
curve exhibits an asymmetric shape-profile across quantiles that evolves over time,
with changes in both magnitude and shape across macroeconomic episodes. These
findings suggest that conflicting empirical evidence on the Phillips curve flattening
hypothesis may reflect substantial heterogeneity, asymmetry, and time variation

across the inflation distribution.

3.5 Time-varying relative weight on inflation expectations

Figure [5] displays the time-varying weight on short-run and long-run inflation ex-
pectations, measured as 1 — (3, where f3; is the AR parameter governing inflation
inertia. Higher values of 1 — 3; therefore indicate a stronger forward-looking com-

ponent and a weaker role for backward-looking information in shaping inflation

dynamics.
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Figure 5: Time-varying relative weight on short-run and long-run forward-looking inflation
expectation obtained from the sSDMQ-TV specification.

The figure reveals regime dependence in the role of both short-run and long-run
inflation expectations. In the late 1960s and early 1970s, the weight on expectations
is relatively elevated, particularly for long-run expectations, consistent with weakly
anchored expectations that amplified inflation dynamics and contributed to the

Great Inflation. The fact that these periods are not systematically associated with
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steeper Phillips curve slopes supports the view that expectations played a central
role in sustaining high inflation outcomes.

Comparing the two measures, the specification based on short-run expectations
displays more persistent dynamics, while the specification based on long-run expec-
tations exhibits sharper and more episodic movements, especially during periods
of macroeconomic stress. Specifically, the weight on long-run expectations shows
pronounced spikes during the 1970s inflationary episode and again in the post-2020
period, whereas the weight on short-run expectations evolves more gradually and
remains at comparatively moderate levels. In the specification based on short-run
expectations, the observed strong persistence with moderate time variation is con-
sistent with earlier evidence showing that persistence in PCE and GDP deflator
inflation remained comparatively high and stable since the 1960s (Pivetta and Reis,
2007; Benati, 2008 |Wolters and Tillmann, 2015). This pattern suggests that price-
setting behavior relies more heavily on long-run expectations during inflationary
episodes, while the relative weight on short-run expectations remains more stable

over time.

3.6 Dynamics of the US inflation quantiles

This section reports the dynamic conditional inflation quantiles for the sDMQ-TV
models with both short-run and long-run inflation expectations.

By tracking the evolution of selected target quantiles, we analyze time variation
in the conditional distribution of US inflation. Focusing on distributional dynamics
rather than mean outcomes allows us to identify shifts in asymmetry, dispersion,
and tail behavior across macroeconomic regimes.

The filtered conditional target inflation quantiles obtained with short-run ex-
pectations are reported in Figure [l A clear pattern emerges in the shape of the
distribution when comparing the five target quantiles over time. These distribu-
tional shifts are consistent with well-documented episodes in US macroeconomic
history.

The oil shocks of the 1970s pushed the right tail of the inflation distribution
markedly away from the median, consistent with elevated inflationary risk. The
right tail asymmetry remained substantial for an extended period, reflecting strong
inflation persistence and de-anchoring inflation expectations combined with a rel-
atively weak sensitivity to output gap fluctuations above the central quantiles of
the inflation distribution.

After the monetary tightening of the 1980s, consistent with consolidating mon-
etary policy during the Great Moderation, the inflation quantiles became more
tightly clustered, reflecting lower volatility during this interval. However, this pe-
riod of relative stability was disrupted by the GFC. The widening spread between
quantiles around the median reflects the increase in uncertainty during this period.

More recently, a clear contrast emerges between the pre- and post-GFC decades.
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Figure 6: Filtered inflation quantiles obtained by the sSDMQ-TV model with short-run expecta-
tions together with realized core CPI inflation. The horizontal dashed line represents the Fed’s 2%
PCE inflation target, shown for reference. Vertical shaded areas indicate recessions as identified
by the National Bureau of Economic Research (NBER).

While realized PCE inflation after the GFC was only marginally lower than in the
preceding period, the lower-tail quantiles at 7 = 0.05 periodically became negative.
This indicates that, despite the Fed’s ability to keep average inflation between 1%
and its 2% PCE inflation target, deflationary risks remained non-negligible in the

post-GFC environment, consistent with concerns raised by |[Fuhrer et al| (2012).

The severe macroeconomic shocks associated with the COVID-19 pandemic
marked a turning point in inflation dynamics. After a brief period of downward
pressure on prices, the subsequent demand surge ended a prolonged period char-
acterized by relatively low inflationary risk. Importantly, the right-tail quantiles
remained above 4%, indicating elevated inflation-at-risk at the end of the analyzed
period. Moreover, the weak Phillips curve relationship in the upper tail, together
with strong inflation persistence, helps explain the prolonged elevation of inflation-
ary risk observed during this period.

The filtered inflation quantiles obtained under the long-run expectation speci-
fication reported in Figure [7] display broadly similar distributional dynamics, but
with some notable differences relative to the short-run specification. Specifically,
the long-run expectation specification generates more compressed dynamics during
inflationary episodes. While the upper-tail inflation quantiles are generally less per-
sistent, the around 4% inflation-at-risk at the end of the analyzed period remains
robust when long-run expectations are considered.

Overall, the result demonstrates that the filtered conditional inflation quantiles
exhibit strong persistence, and tend to diverge during periods of macroeconomic

stress, especially in inflationary episodes. Importantly, the analysis of inflation
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Figure 7: Filtered inflation quantiles obtained by the sDMQ-TV model with long-run expecta-
tions together with realized core CPI inflation. The horizontal dashed line represents the Fed’s 2%
PCE inflation target, shown for reference. Vertical shaded areas indicate recessions as identified
by the National Bureau of Economic Research (NBER).

quantiles demonstrates that the sDMQ model effectively captures time-varying
asymmetry and heteroskedasticity in the conditional distribution of the US infla-
tion. The results show that inflation dynamics are asymmetric and evolve over
time, with higher conditional variability in the right tail, particularly during reces-

sions and high-inflation periods.

3.7 Time-varying conditional moments

The pronounced variability observed in the dynamic conditional inflation quantiles
indicates that the US inflation distribution has undergone substantial changes over
the past 65 years. However, direct quantitative interpretation of this variability
based solely on the quantile dynamics is not straightforward.

To gain further insight, a skewed t¢-distribution, as proposed by
Capitanio (2003), is fitted at each time ¢ using the estimated target quantiles. The

resulting implied conditional moments provide a convenient summary of the time-
varying shape of the inflation distribution. Moreover, comparing the higher-order
conditional moments obtained under specifications with short-run and long-run in-
flation expectations allows for a deeper assessment of the distributional implications
of the differences in their dynamics.

The skew t density takes the form of

f(y;u,a,c,v>—2dT<y;’“‘;u)T(Cy_’“‘ ”+12;u+1>, (3.4)

v 7 Vs ()

where dr(-) and T'(-) denote the probability density function (PDF) and CDF
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of the skew t distribution, respectively. The parameters are location (u), scale
(o), degrees of freedom (v) governing tail thickness, and shape (¢) governing the
skewness. Estimating these parameters at each time t supports the assessment of
the tail behavior of inflation by capturing its time-varying asymmetry and kurtosis
implied by the estimated target quantiles.
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Figure 8: Filtered implied conditional moments obtained by fitting a skewed-t distribution, fol-

lowing |Azzalini and Capitanio| (2003)), at each time ¢ using the target quantiles. The parameters

are the location (u, upper left panel), the scale (oy, upper right panel), the shape parameter (¢,
lower left panel) governing skewness, and the degrees of freedom (v, lower right panel) governing
tail thickness. The horizontal dashed lines denote the corresponding unconditional moments.
Shaded vertical areas indicate recessions as identified by the National Bureau of Economic Re-
search (NBER).

Figure [§] displays the filtered time-varying conditional moments. The upper
left panel shows the filtered conditional mean of inflation, which captures the low-
frequency trend in core PCE by removing transitory shocks and extreme realiza-
tions. Realized core PCE exhibits pronounced short-run deviations around this
mean, particularly during the 1970s inflation episode and the post-2020 inflation
surge. The specification with short-run expectations captures more cyclical vari-
ation, whereas the long-run specification yields a smoother and more persistent
path.

The upper right panel reports the filtered conditional inflation volatility, which
peaks during the 1970s and early 1980s and declines markedly thereafter. Volatility
remains elevated during the high-inflation period and persistently low during the
Great Moderation, with only a modest increase following the GFC and in the
post-2020 period. The difference between the two specifications becomes more
pronounced: volatility is more time-varying and shock-sensitive under short-run
expectations, but smoother and more persistent under long-run expectations due

to anchoring.
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A similar pattern emerges for the conditional skewness reported in the lower left
panel. Under short-run expectations, skewness is strongly time-varying, with large
positive spikes during the 1970s and occasional negative phases in the late 1960s and
the late 1990s. In contrast, under long-run expectations the conditional inflation
distribution remains close to symmetric from the 1980s onward. This pattern
is consistent with the Great Moderation and reflects a transition associated with
monetary policy consolidation, better-anchored inflation expectations, and reduced
inflationary risks.

Lastly, the lower right panel reports filtered kurtosis across specifications. Un-
der long-run expectations, excess kurtosis largely vanishes, whereas it remains pro-
nounced under short-run expectations. This indicates that the specification with
more anchored expectations yields a distribution closer to Gaussian, while short-
run expectations generate heavier tails.

In sum, the results highlight substantial differences in the implied distributional
dynamics across expectation proxies. The specification with short-run expectations
yields richer time variation across all moments, with more pronounced volatility,
skewness, and excess kurtosis. This stronger time variation reflects the transmission
of greater short-run expectation variability into the conditional distribution. In
contrast, the specification with long-run expectations produces a smoother and
more stable distribution, characterized by attenuated higher-order moments and
dynamics closer to a Gaussian benchmark. Overall, these findings underscore the
important role of expectations in shaping the dynamics and higher-order properties

of the conditional distribution of inflation.

4 Conclusions

This paper analyzed the US inflation dynamics by jointly modeling multiple quan-
tiles within a hybrid New Keynesian Phillips curve framework. To this end, the
Smoothed Dynamic Multiple-Quantile model was introduced, allowing for quantile-
specific and time-varying parameters. By linking the time variation of a reduced
set of quantiles to the full conditional distribution within a score-driven frame-
work, the proposed specification captures heterogeneous responses of inflation to
real activity across the distribution and over time.

The empirical results revealed pronounced time-varying and distributional non-
linearities in the inflation—output gap trade-off, indicating clear heterogeneity across
the conditional inflation quantiles. Specifically, the Phillips curve exhibits an asym-
metric profile across quantiles, with relatively steep slopes at lower probability
levels and a sharp flattening towards the upper tail. Allowing for time variation
showed that this distributional pattern evolves over time, consistent with state-
dependent New Keynesian price setting behavior.

More broadly, the proposed framework provides a flexible and structurally inter-

pretable tool for analyzing inflation dynamics across different parts of the distribu-
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tion and over time. The results highlight the central role of inflation expectations
in shaping high-inflation episodes, particularly during the Great Inflation, while
emphasizing the dominance of persistence and weak real activity pass-through in
the lower quantiles following the Global Financial Crisis and during the COVID-
19 pandemic. The combination of a flattening Phillips curve slope in the lower
quantiles and strong persistence helps explain the absence of disinflation during
sharp output contractions, while persistently flat slopes in the upper tail explain
the challenge of stabilizing inflation when inflationary risks are elevated.

In addition, the results underscore that the choice of expectation proxy plays a
critical role for identification, with short-run expectations revealing richer distribu-
tional dynamics and more pronounced higher-order moments, while more anchored
long-run expectations yield smoother distributions but stronger time variation in
the cross-quantile Phillips curve shape.

Lastly, the filtered inflation quantiles provide a quantitative measure of infla-
tionary risk, capturing both its persistence and asymmetric evolution over time.
Notably, the upper tail conditional inflation quantile has remained around 4% since
the COVID-19 pandemic indicating that inflationary risk remains a non-negligible
factor at the end of the analyzed period. Importantly, the weak Phillips curve rela-
tionship in the upper tail, together with strong inflation persistence, helps explain
the prolonged elevation of inflationary risk observed during this period.

Overall, the results suggest that exploiting distributional information and time
variation can provide additional insights into inflation dynamics beyond those avail-
able from conventional limited-information empirical approaches.

More generally, the framework is not limited to inflation, and its generality al-
lows it to be applied in other macro-financial contexts where time-varying quantile-
heterogeneous parameters, persistence, and tail risks are central. In addition, its
ability to model time-varying higher-order moments enables full distributional fore-

casting, providing a more comprehensive assessment of tail risks.
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