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Abstract

The inflationary effect of a shock depends not only on its size, but also on the state of the

economy when it hits. In menu cost models, this state is captured by the cross-sectional

distribution of price gaps: the misalignment between firms’ actual and reset prices. How-

ever, this distribution is unobserved. We recast a random menu cost model in state-space

form and develop Bayesian methods to recover latent reset prices from observed price

paths. Applying the method to almost 35 million UK consumer price observations from

1996 to 2026, we construct a time-varying empirical distribution of price gaps and show

that its shape varies substantially over time. Measuring this distribution lets us take

the model’s state-dependence predictions directly to the data. We find substantial state

dependence in shock transmission: at a two-year horizon, the response to the same mon-

etary tightening ranges from almost fully dampened to amplified by 69 percent across

pre-shock gap distributions, with similar patterns for oil-price shocks. The distribution

also contains information about where inflation is headed. Gap moments predict future

inflation beyond standard macroeconomic controls and improve out-of-sample forecasts

relative to a random-walk benchmark up to 37 percent at two years.
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1 Introduction

The surge and retreat of post-Covid inflation has renewed interest in the non-linear dynam-
ics of price adjustment. Menu cost models are the natural framework for thinking about
them: firms tolerate some price misalignment due to adjustment costs, and how many of
them adjust in response to a given shock is endogenous. The literature has mostly focused
on one dimension of this non-linearity, shock size, showing that large shocks generate dis-
proportionate price responses. But these models feature a second dimension that has re-
ceived less attention, the state of the economy when the shock arrives. This is captured by
the cross-sectional distribution of price gaps: the misalignment between firms’ actual and
reset prices. We study how this distribution shapes inflation dynamics.

Our starting point is a random menu cost model, in which we characterize the price gap
distribution as a source of state dependence shaping shock propagation, optimal policy, and
future inflation. Its empirical counterpart is, however, unobserved; constructing it is the
main contribution of this paper. To do so, we recast the pricing dynamics in state-space form
and develop Bayesian methods to estimate latent reset prices from observed price trajecto-
ries. Applying this methodology to UK consumer price microdata covering 1996 to 2026,
we document that the gap distribution varies substantially over time, with the economy
spending extended periods far from its ergodic benchmark.

We exploit this variation to test the model’s state-dependence predictions. When shocks
arrive, the distribution determines how hard they hit: monetary policy pass-through varies
substantially with the pre-shock gap distribution. At the two-year horizon, the response
to a tightening ranges from almost fully dampened to nearly 70 percent amplified relative
to a benchmark distribution. We find the same qualitative state dependence in the pass-
through of oil-price shocks. Absent new shocks, the price gap distribution contains informa-
tion about where inflation is headed: gap moments predict future inflation beyond current
inflation and other macroeconomic variables, and improve out-of-sample forecasts relative
to a random-walk benchmark, with gains reaching 37 percent at two years.

Section 2 develops the framework. We lay out a canonical random menu cost model à
la Nakamura and Steinsson (2010) in which firms face a fixed cost to change their price,
which collapses to zero with some probability. When a firm adjusts, it resets to a target
level that evolves as a random walk with drift; between adjustments, the widening gap
between the actual price and this target generates a profit loss. The optimal pricing policy
takes the form of an Ss rule: the firm leaves its price unchanged as long as the gap remains
inside an inaction region, and resets whenever the gap hits a threshold or a free adjustment
opportunity arrives. Because the policy parameters are common across firms, the model
aggregates cleanly: observed inflation reflects both changes in reset prices and shifts in the
cross-sectional distribution of gaps, Gt, which becomes the key state variable.

This distribution captures the full state of price misalignment in the economy at each
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point in time. Because firms adjust intermittently, Gt encodes information about past shocks
that have not yet fully passed through to prices, and its moments have direct macroeco-
nomic content. The mean reflects accumulated inflationary or deflationary pressure not
yet released through price changes. The variance captures the welfare cost associated with
dispersion in price misalignment across firms. Higher-order moments carry additional in-
formation: the distribution may be asymmetric, with more firms on the verge of raising
rather than lowering prices, or heavy-tailed, with an unusual concentration of firms near
their adjustment thresholds.

We show that the same economy can respond very differently to the same aggregate shock
depending on the state of Gt when it hits. If many firms have accumulated large gaps near
their adjustment thresholds, even a small shock can generate a wave of price changes. Con-
versely, if most firms have recently adjusted and their gaps are clustered near the reset point,
even a large shock may trigger few adjustments. We illustrate these effects numerically us-
ing simulations from the calibrated model. This state dependence can also matter for the
design of monetary policy. In a simple exercise, we show that the welfare-maximizing re-
sponse to the same aggregate shock varies with the initial gap distribution.

Beyond its role in shock propagation, Gt also contains information about the future path
of inflation. Under infrequent adjustment, the density across the inaction region acts as a
schedule of upcoming price changes: firms near the lower threshold will soon reprice up-
ward, while those deeper inside the inaction region will follow in later periods. The gradual
release of this accumulated pricing pressure is not summarized by past inflation, because
many distinct gap distributions can generate the same inflation record. We formalize this
intuition in a deterministic special case of the model, showing that this predictive informa-
tion cannot be recovered from a finite history of inflation. The magnitude of this predictive
gain, however, is an empirical question that requires measuring the gap distribution from
the data.

Price gaps are not directly observable, which brings us to the methodological contribu-
tion of the paper. Section 3 recasts the pricing dynamics implied by the random menu cost
model in state-space form. Given a panel of observed price trajectories, each price serves
as a measurement variable, and the state vector for each trajectory includes its reset price
and an indicator for the arrival of a free adjustment opportunity. The Ss rule serves as the
measurement equation, mapping past observed prices and current latent states into current
observed prices. The model’s assumptions about the evolution of reset prices and adjust-
ment opportunities determine the transition equations, and an initial distribution over the
latent states completes the specification. The goal is to recover the sequence of latent states
underlying the observed prices and the model parameters that govern them.

To recover the latent states conditional on a given set of parameters, we solve the forward-
filtering backward-sampling (FFBS) recursions implied by the state-space representation.
Although the Ss rule introduces kinks that rule out a closed-form solution, we exploit the
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structure of the model to simplify the problem. First, the filtering and smoothing distribu-
tions factorize across price trajectories, allowing us to recover latent states separately for
each trajectory. Second, the Ss rule tightly restricts the admissible latent states within each
trajectory. When a firm’s price remains unchanged, we know with certainty that no free ad-
justment opportunity arrived. When prices do change, the new price reveals the reset price
exactly. At the same time, the size of the adjustment is informative about what triggered it.
If the size of the observed change is smaller than the distance to the corresponding bound,
the firm must have received a free adjustment opportunity. If it is large enough that the
gap moved outside the inaction region, the firm may have paid the menu cost, though the
trigger itself remains unknown. These features mean that for many observations the latent
states are either directly observed or restricted to a narrow range. We take advantage of this
structure using grid-based methods that concentrate computational effort on the subset of
states where inference remains nontrivial.

To jointly estimate the model parameters and latent states, we embed the FFBS algorithm
in a Gibbs sampler. The parameters of the reset price process and the free-adjustment prob-
ability admit conjugate full conditional distributions and can be updated directly. The latent
states and inaction thresholds, by contrast, are tightly linked by the Ss rule: changing the
thresholds changes which state trajectories are admissible, and vice versa. We therefore up-
date them jointly through a Metropolis-Hastings step, proposing candidate states from the
grid-based FFBS approximation and candidate thresholds from truncated normal random
walks. A Monte Carlo experiment confirms that the algorithm recovers both the model
parameters and the moments of the price-gap distribution with negligible bias and high
precision, even in short panels.

Section 4 applies the method to the universe of locally-collected price quotes underlying
the UK Consumer Price Index (CPI), covering almost 35 million price observations across
1,337 distinct items. We estimate the model separately by item, allowing parameters to vary
across items and over time. The estimated price gaps allow us to construct, for the first time,
a time-varying empirical distribution of price gaps for a major economy. The distribution
varies substantially over time in ways that are not captured by the variation in inflation itself.
Year-on-year inflation ranges from −0.2 to 11.1 percent over the sample, while the median
gap ranges from 0 to 8.5 percentage points, the interquartile range from 2 to 30 percentage
points, and the 5th-to-95th percentile range from 33 to 86 percentage points.

To illustrate this variation, we compare the gap distribution one year before three extreme
inflation outcomes in our sample with a March 2024 benchmark, when the distribution was
close to its long-run configuration. September 2007 and April 2014 are particularly reveal-
ing: headline inflation was nearly identical, at 1.7 and 1.8 percent, but the gap distributions
were mirror images. In September 2007, the distribution had excess mass at negative gaps,
with more firms facing pending price increases. Over the following year, the price level rose
by 5.1 percent and inflation reached its pre-pandemic maximum. In April 2014, the distribu-
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tion had excess mass at positive gaps, with more firms facing pending price cuts. Over the
following year, prices were essentially flat and inflation reached its sample minimum of -0.2
percent. October 2021 was different: the distribution had excess mass in both tails, signaling
substantial pending adjustment in both directions. The subsequent surge in energy prices
pushed adjustment to the upside, and the price level rose by 11.1 percent over the follow-
ing year, when inflation reached its sample maximum. The case studies suggest that the
gap distribution contains information about pending price adjustment, but isolating its role
requires separating the state of the distribution from the shocks that subsequently arrive.

To separate the two, we use state-dependent local projections and high-frequency iden-
tification of aggregate shocks in Section 5. In particular, we interact the shock with the
mean, standard deviation, skewness, and kurtosis of the pre-shock gap distribution. Our
first shock is monetary policy, identified using the high-frequency surprises of Braun et al.
(2025). We find that a higher mean gap amplifies the response to a tightening and dampens
the response to an easing, while greater dispersion amplifies the response in either direction.
Higher skewness tends to dampen the response to a tightening and amplify the response to
an easing, while kurtosis has no systematic effect.

The quantitative differences are large. At our three case-study dates, the response to a
tightening is, on average over the first two years, dampened by about 55 percent in Septem-
ber 2007, amplified by about 70 percent in April 2014, and amplified by about 23 percent in
October 2021 relative to the March 2024 benchmark. Looking across the full sample makes
the extent of the variation even clearer. At the two-year horizon, the pass-through of a tight-
ening ranges from almost fully dampened around the global financial crisis to amplified by
69 percent in early 2018. For an easing, it ranges from 85 percent dampened to 178 percent
amplified. The direction of the asymmetry also changes over time: before roughly 2012, eas-
ings tend to be amplified and tightenings dampened; over much of the following decade,
the pattern reverses.

We find the same qualitative state dependence for oil-price shocks. Pass-through is stronger
when the shock moves prices in the same direction as the imbalance already present in the
gap distribution, and weaker when it pushes against it; the same broad evolution in pass-
through asymmetry also appears over the full sample.

Finally, we show that the relationship between the gap distribution and subsequent in-
flation visible in the case studies holds systematically over the full sample. Gap moments
predict future inflation beyond current inflation and a standard set of macroeconomic con-
trols, with predictive content extending from six months to two years. More importantly,
the relationship also survives out of sample. Using only information available at the time of
the forecast, adding the gap moments lowers the root mean squared prediction error relative
to a random-walk benchmark by 8 percent at twelve months and 37 percent at two years,
with statistically significant gains at longer horizons. The gains are present in both low- and
high-inflation periods.

5



Relation to the literature. This paper builds on the tradition of menu cost models (Barro,
1972). We bring state-space methods to this literature. This has two main advantages. First,
we can recover the key state variable in these models, the time-varying distribution of price
gaps, by estimating latent reset prices from observed price paths alone.1,2 Second, we can
estimate the parameters governing price dynamics directly from the likelihood, rather than
by matching a selected set of moments. This avoids having to choose which moments to tar-
get, a decision that can materially affect parameter estimates under model misspecification,
as shown recently by Andrews and Sanders (2026) in a menu cost application.

Within the menu cost literature, a growing body of work studies non-linear inflation dy-
namics. Early work stressed the role of shock size, showing that large shocks generate dis-
proportionately large price-level responses (Golosov and Lucas, 2007), with first-order im-
plications for optimal stabilization policy (Karadi et al., 2025). In standard models, however,
this channel is quantitatively limited once the prevalence of small price changes is taken
into account (Blanco et al., 2024a,b). We study a different source of non-linearity that goes
back to the generalized Ss framework of Caballero and Engel (1993, 2007): the state of the
gap distribution when the shock arrives. By recovering the gap distribution over time, we
can study empirically how the initial distribution shapes the transmission of a given shock.
This source of non-linearity is complementary to shock size, and the two can reinforce each
other.

We also relate to a literature studying state- and sign-dependent effects of monetary policy
on inflation. State dependence has been documented along several dimensions, including
macroeconomic conditions (Tenreyro and Thwaites, 2016), volatility (Vavra, 2014), financial
conditions (Jordà et al., 2020), inflation regimes (Ascari and Haber, 2022), and disagreement
about inflation expectations (Falck et al., 2021). A separate literature examines asymmetric
effects of monetary tightening and easing (Cover, 1992; Barnichon and Matthes, 2016; De-
bortoli et al., 2025). We connect these strands by showing that the pass-through of monetary
policy to inflation is both state and sign dependent, with both dimensions shaped by the
distribution of price gaps.

Finally, we relate to the broad literature on inflation forecasting, surveyed by Faust and

1In other Ss applications, such as investment and durable goods, gaps between actual and target levels can
be constructed from observable fundamentals or proxied by the age of the capital stock (Caballero et al., 1995;
Bachmann et al., 2013; Berger and Vavra, 2015). In pricing, by contrast, measuring gaps requires knowledge
of firms’ optimal prices, which depend on marginal costs that are difficult to observe at the firm level. A
recent exception is Gagliardone et al. (2025), who use firm-level cost data and competitors’ prices to construct
a measure of price gaps and study non-linearities in cost-shock pass-through.

2A complementary sufficient-statistics approach circumvents the need to recover the full gap distribu-
tion by linking aggregate responses to one-off shocks to steady-state moments of microeconomic adjustment
(Alvarez et al., 2016; Baley and Blanco, 2021). In the context of pricing, these predictions have been tested
empirically using cross-sectional variation in micro pricing moments (Hong et al., 2023; Alvarez et al., 2025).
Our objective is different: we recover the gap distribution as it evolves over time and study how an arbitrary
inherited distribution shapes the transmission of subsequent shocks. Accordingly, our empirical exercises ex-
ploit time variation in the gap distribution within products, rather than cross-sectional variation in steady-state
moments.

6



Wright (2013). Within this literature, a smaller body of work has begun to exploit micro price
data, both for inflation nowcasting (Powell et al., 2018; Beck et al., 2024) and for forecasting
future inflation using the cross-sectional distribution of realized price changes (Chen et al.,
2026). We contribute to this literature by using moments of the cross-sectional distribution
of price gaps as predictors of future inflation.

2 Price gaps: concept and relevance

This section introduces the distribution of price gaps: what it is and why it matters. We begin
by laying out the framework we use throughout, a canonical menu cost model with random
free adjustment in discrete time (Nakamura and Steinsson, 2010; Auclert et al., 2024).3 After
defining price gaps and their cross-sectional distribution, we turn to why the gap distribu-
tion is important, highlighting its role in the non-linear transmission of aggregate shocks
and as a source of predictive content for future inflation.

2.1 A simple model of price setting

A firm i produces a differentiated good and sets a log price pi,t in each period t = 0, 1, 2, . . ..
Its reset price, denoted pr

i,t, is the price the firm would choose upon adjustment and evolves
according to a random walk with drift:

pr
i,t = µt + pr

i,t−1 + εi,t, (1)

where µt is the common drift in reset prices and εi,t ∼ N (0, σ2
ε,t) is an idiosyncratic shock,

independent across firms and over time. Changes in µt capture the combined effect of aggre-
gate fundamental shocks and the monetary policy response to them. Changes in σε,t capture
shifts in firm-level volatility. We model shocks to both as unexpected.

Each period, the firm incurs a loss from deviating from its reset price. Adjusting the
price requires paying a fixed cost ci,t, independently and identically drawn from {0, c̄}: with
probability λt ∈ [0, 1], the firm receives a free adjustment (ci,t = 0); with probability 1− λt, it
must pay c̄ > 0. The free adjustment probability is potentially subject to unexpected shocks
as well, capturing shifts in the technology of price setting.

The firm’s problem can be written in terms of the price gap si,t ≡ pi,t − pr
i,t. The firm

chooses a sequence {si,t}∞
t=0 to minimize expected discounted losses:

min
{si,t}∞

t=0

E0

∞

∑
t=0

βt
[

1
2

s2
i,t + ci,t · 1{si,t ̸=si,t−1−µt−εi,t}

]
, (2)

where the indicator identifies a price adjustment and ci,t is the realized adjustment cost.4

3Appendix A.1 provides microfoundations for this framework.
4Equation (2) is a reduced-form representation of the firm’s pricing problem; Appendix A.1 derives it from

a standard CES demand structure with random menu costs. This formulation is standard in the analytical
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The optimal pricing policy takes the form of a standard Ss rule:5

si,t =

0 with prob λt or if si,t−1 − µt − εi,t /∈ [st, s̄t]

si,t−1 − µt − εi,t otherwise
(3)

The firm adjusts its price in one of two cases: either it receives a free adjustment opportunity,
or the price gap falls outside an inaction region [st, s̄t], with st < 0 < s̄t. Upon adjustment,
the firm closes its gap entirely, setting its price to the current reset level. Otherwise, the gap
evolves passively, drifting with the common reset price drift and the idiosyncratic shock. In
general, the reduced-form parameters [st, s̄t] vary over time.

2.2 The distribution of price gaps

Let Gt denote the cross-sectional distribution of price gaps across firms at time t, with den-
sity gt over the inaction region [st, s̄t] and a mass point at the reset point s = 0. This distri-
bution is the key state variable of the model, summarizing the cross-sectional state of price
misalignment. In steady state, the drift of non-adjusting gaps and the resetting of adjusting
firms balance to produce a stationary distribution with mass concentrated near zero and
tails extending toward the inaction thresholds.

While Gt is an infinite-dimensional object, its key features can be read from a small num-
ber of moments. The mean gap, E[st] ≡

∫
s dGt, captures the average direction of price

misalignment: when negative, firms’ prices sit on average below their reset levels, reflect-
ing accumulated inflationary pressure. The variance, Var(st), measures how dispersed the
misalignment is across firms. Under the quadratic loss in (2), the average reduced-form loss
from price misalignment is

1
2

E[s2
t ] =

1
2

[
Var(st) +E[st]

2
]

. (4)

so that dispersion has direct consequences even when the mean gap is zero. As shown in
Appendix A.3, this expression closely approximates the corresponding microfounded wel-
fare loss. The skewness captures asymmetry in the distribution. More mass in the lower tail
points to latent inflationary pressure, while more mass in the upper tail points to deflation-
ary pressure. The kurtosis captures how much weight is placed in the tails, including near
the adjustment thresholds.

menu cost literature, e.g., Alvarez et al. (2011), Alvarez et al. (2016) and Auclert et al. (2024).
5Auclert et al. (2024) establish the Ss policy analytically at zero drift in the discrete-time model. With

positive drift, symmetry is lost and an analogous analytical result is not available. Appendix A.2 shows that
the Ss structure continues to hold whenever the value function is strictly quasiconvex; we verify this condition
numerically for the calibrations used in our structural exercises. The Ss structure under positive drift is also
well established in continuous-time models.
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From price gaps to inflation. Since pi,t = pr
i,t + si,t, each firm’s inflation rate decomposes as

πi,t = πr
i,t + ∆si,t, (5)

where πr
i,t ≡ pr

i,t − pr
i,t−1 = µt + εi,t is the firm’s reset inflation and ∆si,t ≡ si,t − si,t−1 is the

wedge introduced by adjustment frictions. Averaging across firms, and using the first-order
aggregation of the CES price index derived in Appendix A.1, aggregate inflation satisfies

πt = µt + ∆E[st], (6)

where µt is aggregate reset inflation and ∆E[st] is the change in the mean gap.

Equation (6) shows why headline inflation is an incomplete summary of the pricing state.
Two economies can have the same πt but very different gap distributions. In one, inflation
may reflect many small price adjustments. In another, it may be driven by a few large ad-
justments while many prices remain far from their reset levels. The gap distribution thus
reveals information about the state of the economy that headline inflation cannot.

2.3 Why the gap distribution matters

We now turn to how we can use the information on the state of the economy that the gap
distribution reveals. We show that it determines the non-linear transmission of aggregate
shocks to inflation, and that it carries predictive content for future inflation beyond what the
inflation history alone can provide.

2.3.1 Non-linearity and the role of initial conditions

In menu cost models, the inflation response to aggregate shocks is inherently non-linear.
One well-understood dimension of this non-linearity is shock size: large shocks push more
firms past their adjustment thresholds, so that the per-unit inflation response rises with the
magnitude of the shock (Golosov and Lucas, 2007). We highlight a complementary dimen-
sion that has received less attention: the shape of the gap distribution at the time the shock
arrives.

To illustrate both channels, we calibrate the microfounded model in Appendix A.1 fol-
lowing the menu cost calibration of Nakamura and Steinsson (2010): a monthly frequency
of price change of 8.7%, a median absolute price change of 8.5%, and a 75% share of free
adjustments. Parameter values are reported in Appendix Table A.1. We then subject the
economy to an unexpected, one-off level shock to the drift, µ1 = µ + ∆µ with µt = µ for
t ≥ 2, and ask how the impact excess inflation π1 − µ varies with the size of the shock and
the state of G0 when it hits.

The left panel of Figure 1 isolates the shock-size channel. Starting from the ergodic distri-
bution, we vary the magnitude of the shock and plot the resulting impact excess inflation.
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The dashed line shows a linearized benchmark, extrapolated from the slope at small shocks.
The relationship is convex: the impact response grows more than proportionally with shock
size, reflecting the increasing share of firms pushed past their adjustment thresholds. For
small shocks, however, the relationship is approximately linear since the model and the lin-
earized benchmark nearly coincide. This is a well-known result in the literature.

The right panel turns to the less-studied dimension. We fix the shock at 6 pp annualized,
still in the approximately linear region of the left panel, and vary only the initial gap distri-
bution G0. To generate economically meaningful variation in G0, rather than constructing
distributions arbitrarily, we subject the ergodic distribution to a range of large persistent
perturbations to the drift and record snapshots along each transition path back to steady
state. Each snapshot provides a different initial condition for the shock. These distributions
vary in location, dispersion, and tail behavior, while the structural parameters of the model
are held fixed.

To isolate the genuine interaction between the shock and the initial conditions, we con-
struct the net amplification ratio. For each displaced G0, we compute the impact excess infla-
tion both with and without the shock, subtract the counterfactual to remove the mechanical
unwinding of pent-up pressure that G0 would have generated on its own, and normalize by
the ergodic response. The ergodic point equals one by construction.

To summarize each distribution by a single number, we regress the net amplification ratio
on each of the first four moments of G0 separately. The mean gap E[s0] provides the best
univariate fit (R2 = 0.93). The right panel of Figure 1 plots the net amplification ratio against
this statistic. The relationship is monotone: a more negative mean gap amplifies the shock
(ratio above one), while a more positive mean gap dampens it (ratio below one). Intuitively,
a negative mean gap places more firms near the lower adjustment threshold, which is where
a positive drift shock triggers repricing. The magnitudes are economically meaningful: with
an estimated slope of −2.1, a mean gap 5 percentage points below its ergodic level raises the
amplification ratio to about 1.11, an 11% increase in the inflation response. This variation
arises even though the shock itself is small enough to generate no non-linearity in the size
dimension. With larger shocks, the two channels reinforce each other and the amplification
increases.

The displaced distributions in the right panel are generated by past perturbations to the
drift µ. These primarily shift the mean of G0 while leaving its shape relatively unchanged.
If instead the displacement comes from past changes in idiosyncratic volatility σε, the mean
gap stays near its ergodic level but the variance changes substantially. In that case, the
variance of G0 becomes the relevant summary statistic: higher variance places more mass
near the adjustment thresholds, increasing the economy’s sensitivity to the shock. Appendix
Figure A.1 reports this exercise.

Implications for monetary policy. The state dependence documented above has implica-
tions for the design of monetary policy. We illustrate this with a simple policy exercise. We
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Figure 1: Non-linearity in the inflation response

Notes: Both panels use the calibration in Appendix Table A.1 and report the impact response to an unexpected
one-off level shock to the drift. The left panel varies the size of the shock, starting from the ergodic distribu-
tion, and plots the impact excess inflation π1 − µ; the dashed line extrapolates linearly from the slope at small
shocks. The right panel holds the shock fixed at 6 pp annualized and varies the initial gap distribution G0,
indexed by the mean price gap E[s0]; it plots the net amplification ratio, which subtracts the no-shock counter-
factual and normalizes by the ergodic response. The dashed line is the OLS fit and the star marks the ergodic
distribution.

consider a one-off 6 pp annualized increase in nominal spending growth, which in the ab-
sence of a subsequent policy intervention maps almost one-for-one into the reset price-drift
shock considered above.6 We assume that monetary policy is predetermined in the period
of the shock, t = 1, and therefore cannot respond on impact. Once the shock is observed, the
central bank announces an intervention for t = 2, which firms anticipate when making their
t = 1 pricing decisions. To keep the exercise simple, we restrict the intervention to t = 2,
with policy returning to baseline thereafter.

We select twelve initial distributions G0 from the right panel of Figure 1 and, for each one,
report the one-period intervention that maximizes household welfare.7 The left panel of
Figure 2 plots the optimal intervention against the mean initial price gap, E[s0]. Across the
distributions, the optimal change in nominal spending growth ranges from approximately
−1.6 to −2.1 percentage points per month, a spread of about 0.5 percentage points despite
the identical aggregate shock. This cross-state variation is roughly as large as the monthly

6In the microfoundation, nominal spending growth determines desired price drift, νt, while reset price
drift satisfies µt = νt + ∆x∗t , where ∆x∗t is the change in the reset point as defined in Appendix A.1. Absent an
anticipated intervention, the change in the reset point is negligible, so the two shocks coincide almost exactly.
With an anticipated intervention, the reset point responds already on impact and reset price drift therefore
adjusts endogenously.

7Appendix A.4 describes the welfare criterion for this exercise. The optimal full policy path is left for future
research.
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Figure 2: Monetary policy and initial conditions

Notes: Both panels use the same calibration, a 6 pp annualized increase in nominal spending growth, and
twelve initial distributions from the right panel of Figure 1, indexed by the mean price gap E[s0]. Policy
chooses a one-period intervention in nominal spending growth in t = 2. The left panel reports the welfare-
maximizing intervention in monthly percentage points. The right panel reports the t = 2 price adjustment
frequency with and without the optimal intervention.

equivalent of the shock itself. The relationship is monotone: a more negative mean price
gap calls for a stronger contraction in nominal spending growth.

The right panel illustrates the mechanism. In the absence of intervention, a more negative
mean gap is associated with a higher price adjustment frequency in t = 2, reflecting greater
pricing pressure inherited from the initial distribution. The optimal intervention is more
contractionary precisely in these states and leaves the adjustment frequency nearly constant
across initial conditions. Thus, even conditional on the size of the aggregate disturbance,
the optimal monetary stance depends on the cross-section of price gaps in which the shock
lands.8

2.3.2 Predictive content of the gap distribution

The analysis above is conditional on an aggregate shock, but the gap distribution also con-
tains information about future inflation more generally. In menu cost models, price ad-
justment generates an endogenous component of inflation persistence. Whenever the gap
distribution departs from its ergodic shape, whether due to past shocks, policy changes, or
other features of the economy’s history, it contains information about price adjustments that
have yet to occur. In particular, directional imbalances embed inflationary or deflationary

8Karadi et al. (2025) show that endogenous price adjustment makes the optimal policy response depend on
shock size. Our exercise is complementary: we hold the shock fixed and vary the inherited gap distribution.
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pressure that is released gradually as firms adjust. The current shape of Gt can therefore con-
tain a predictable component of future inflation even in the absence of additional aggregate
shocks.

A natural question is whether this information is already summarized by observed in-
flation. From equation (6), aggregate inflation is πt = µt + ∆E[st], a scalar outcome of the
much richer cross-sectional state Gt. Observed inflation reflects the aggregate effect of price
adjustments realized at a given date, but does not reveal where firms that have not adjusted
are located inside the inaction region. More generally, a finite history of inflation contains
information about recent price adjustments without necessarily identifying the positions of
firms that have remained inactive throughout. Two economies can therefore display the
same recent inflation history while embedding different amounts and timing of future pric-
ing pressure.

We formalize this intuition in a deterministic special case of the model. Consider the pure
menu cost case, λ = 0, with negligible idiosyncratic volatility, σε → 0, constant positive drift
µ > 0, and fixed adjustment thresholds s < 0 < s̄. In the absence of adjustment, a firm’s gap
evolves deterministically according to si,t+1 = si,t − µ. A firm adjusts when its gap crosses
the lower threshold and then resets its gap to zero.

Proposition 1 Consider the deterministic pure menu cost model.

(i) Suppose Gt has a smooth density gt on [s, 0). Then, for horizons 1 ≤ h ≤ |s|/µ,

πt+h = |s| µ gt
(
s + (h − 1)µ

)
+ O(µ2). (7)

(ii) The history of aggregate inflation does not recover this information: for any window K shorter
than the transit time, (s̄ − s)/µ, across the inaction region, there exist two economies with gap
distributions Gt ̸= G′

t and identical inflation histories

πt−k = π′
t−k, k = 0, . . . , K − 1,

yet different future inflation at some horizon h ≥ 1.9

The proof is in Appendix A.5. The intuition for part (i) is that under constant drift the
lower part of the inaction region is partitioned into bands of width µ, each mapping to
a future horizon: firms in the h-th band will cross the lower threshold and reset to zero
h periods from now. The density thus acts as a schedule of upcoming price adjustments.
Part (ii) follows because recent inflation reveals only the cohorts that have adjusted, not
the positions of firms still inside the inaction region. In the general model, idiosyncratic
shocks and free adjustment opportunities blur the deterministic mapping from current gaps

9The transit time is the maximal number of periods a firm can remain in the inaction region without ad-
justing. Under the calibration in Appendix Table A.1, this is roughly 140 months.
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to future adjustment dates, but the underlying logic remains: the location of mass within
the inaction region determines the expected timing and size of future price adjustments.
The bound on K in Proposition 1 is specific to the deterministic limit.

Proposition 1 therefore shows why the gap distribution can contain predictive informa-
tion about future inflation that is not captured by observed inflation alone. Whether this
additional information is quantitatively useful in the data is an empirical question. To ad-
dress it, we first need to recover the latent price gaps from observed prices. We turn to this
in the next section.

3 State-space methods for a random menu cost model

This section develops a methodology for estimating the random menu cost model using
micro price data. We first cast the pricing dynamics of Section 2 in state-space form and then
develop a Bayesian procedure to jointly recover the model parameters and latent states. We
assess the finite-sample performance of the resulting estimator in a Monte Carlo experiment.

3.1 Random menu cost model in state-space form

To take the pricing dynamics of Section 2.1 to the data, we cast them in state-space form.
Consider a panel of observed prices pi,t, indexed by i and t. For estimation, we divide the
sample period into a sequence of estimation windows, allowing observations associated
with a given i to span multiple consecutive windows. Let W denote the collection of obser-
vations associated with a generic estimation window and IW the set of indices i represented
in that window. For each i ∈ IW , let

Ti,W = {ti,W , . . . , t̄i,W}

denote the contiguous sequence of dates for i that fall within W . We can write this collection
as

W = {(i, t) : i ∈ IW , t ∈ Ti,W},

with corresponding, potentially unbalanced, panel of observed prices

pW = {pi,t : (i, t) ∈ W}.

State-space representation. Given the observed panel pW , for each (i, t) ∈ W let xi,t ≡
[pr

i,t, ℓi,t] denote the latent state, where pr
i,t is the reset price and ℓi,t indicates the arrival of

a free adjustment opportunity. The corresponding collection of latent states is xW = {xi,t :
(i, t) ∈ W}. The parameters of the state-space representation are collected in

θW = {µW , σε,W , λW ,
¯
sW , s̄W},
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and are assumed to be constant within the estimation window W .

The observed prices evolve according to

pi,t = pi,t−1d(xi,t, pi,t−1, θW ) + pr
i,t[1 − d(xi,t, pi,t−1, θW )], (8)

where

d(xi,t, pi,t−1, θW ) = 1{pi,t−1 − pr
i,t ∈ [

¯
sW , s̄W ]}(1 − ℓi,t) + 1{pi,t−1 = pr

i,t}ℓi,t. (9)

The latent states evolve according to

pr
i,t = µW + pr

i,t−1 + εi,t, εi,t ∼ N (0, σ2
ε,W ), (10)

ℓi,t = 1{νi,t ⩽ λW}, νi,t ∼ U (0, 1), (11)

where the innovations εi,t and νi,t are independent across i and over time. Finally, initial la-
tent states are independent across i conditional on the corresponding initial observed prices
and θW :

f ({xi,ti,W}i∈IW | {pi,ti,W}i∈IW , θW ) = ∏
i∈IW

f (xi,ti,W | pi,ti,W , θW ). (12)

This state-space representation is nonlinear and non-Gaussian. The measurement equa-
tions (8) and (9) impose the two-sided Ss rule: the observed price remains unchanged when
no free adjustment opportunity arrives and the implied price gap lies within the inaction
region, while upon adjustment it is set equal to the reset price.10 The transition equations
(10) and (11) govern the evolution of the latent reset price and the arrival of free adjustment
opportunities, respectively. Equation (12) completes the representation by specifying the
distribution of the initial latent states.

The pricing model in Section 2.1 provides one microfoundation for this representation. In
that model, the transition equations correspond directly to the laws of motion for the reset
price and free adjustment opportunities, while the measurement equation implements the
optimal two-sided Ss pricing rule. The state-space representation, however, need not be tied
to this particular microfoundation. Alternative pricing models that imply the same adjust-
ment rule and latent-state dynamics admit the same empirical representation. Ultimately,
what matters for estimation is the state-space structure itself rather than the particular model
that rationalizes it.

Relative to the pricing model in Section 2.1, the empirical representation differs in two

10Equation (9) also implies inaction when a free adjustment opportunity arrives but the observed price
already coincides with the reset price. Given the continuous distribution of reset price innovations in (10), this
is a probability-zero event.
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ways. First, while the model allows both states and parameters to vary over time, we treat
the parameters as locally constant within each estimation window, while allowing the latent
states to evolve continuously over time. Second, rather than imposing the model-specific
mapping from deeper primitives to the optimal inaction bounds, we estimate the bounds
directly as reduced-form parameters. This allows the data to determine the inaction region
without imposing cross-parameter restrictions that are specific to a particular microfounda-
tion.11

3.2 Bayesian estimation

We estimate the state-space parameters, θW , and latent states, xW , jointly using a Bayesian
procedure. We first describe how to sample the latent states conditional on the parameters
and observed data, and then embed this step in a Gibbs sampler for the joint posterior.

3.2.1 Sampling the latent states

To sample the latent states conditional on the parameters and observed prices, we use a
forward-filtering backward-sampling (FFBS) algorithm (Carter and Kohn, 1994; Frühwirth-
Schnatter, 1994). In our setting, this requires addressing two challenges. First, the estimation
window may contain a large number of price trajectories, making the joint state space high
dimensional. Second, the state-space representation is nonlinear and non-Gaussian, ruling
out standard Gaussian filtering and smoothing methods.

The large cross-sectional dimension can be handled by exploiting the conditional inde-
pendence built into the state-space representation. Conditional on the parameters, the joint
filtering and smoothing problem factorizes across price trajectories, allowing the latent-state
trajectories to be sampled separately. The following lemma formalizes this result.

Lemma 1 (FFBS factorization). For each i ∈ IW , let pi,W = {pi,t : t ∈ Ti,W} and xi,W =

{xi,t : t ∈ Ti,W} denote the observed-price and latent-state trajectories, respectively. Let IW ,t = {i ∈
IW : t ∈ Ti,W} denote the price trajectories observed at date t, and I−

W ,t = {i ∈ IW ,t : t > ti,W}
those also observed at t − 1. Under the state-space representation in equations (8)–(12), the following
factorizations and recursions hold.

Forward filtering. The filtered density factorizes as

f ({xi,t}i∈IW ,t | {pi,ti,W :t}i∈IW ,t , θW) = ∏
i∈IW ,t

f (xi,t | pi,ti,W :t, θW), (13)

11The distinction is similar in spirit to that between DSGE and structural VAR approaches: the latter im-
pose a more limited set of economic restrictions tailored to the empirical objects of interest, without requiring
estimation of all the deeper primitives of a fully specified structural model.
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while the one-step-ahead predictive density for continuing price trajectories satisfies

f ({xi,t}i∈I−
W ,t

| {pi,ti,W :t−1}i∈I−
W ,t

, θW) = ∏
i∈I−

W ,t

f (xi,t | pi,ti,W :t−1, θW). (14)

The trajectory-level recursions are

f (xi,t | pi,ti,W :t−1, θW) =
∫

f (xi,t | xi,t−1, θW) f (xi,t−1 | pi,ti,W :t−1, θW) dxi,t−1, (15)

f (xi,t | pi,ti,W :t, θW) ∝ f (pi,t | xi,t, pi,t−1, θW) f (xi,t | pi,ti,W :t−1, θW). (16)

Backward sampling. The posterior over latent-state trajectories factorizes as

f (xW | pW , θW) = ∏
i∈IW

f (xi,W | pi,W , θW), (17)

and each trajectory is sampled according to

f (xi,W | pi,W , θW) = f (xi,t̄i,W | pi,W , θW)
t̄i,W−1

∏
t=ti,W

f (xi,t | xi,t+1, pi,ti,W :t, θW), (18)

f (xi,t | xi,t+1, pi,ti,W :t, θW) ∝ f (xi,t+1 | xi,t, θW) f (xi,t | pi,ti,W :t, θW). (19)

The proof is in Appendix B.1. The factorization follows from two features of the state-
space representation. Under the measurement equations (8) and (9), each observed price
depends only on its own lagged price, latent state, and the common parameters. As a result,
each observed price trajectory is linked only to its corresponding latent-state trajectory. Un-
der the transition equations (10) and (11), together with the initial conditions in (12), latent
states are initialized and evolve independently across price trajectories. As a result, latent-
state sampling can proceed price trajectory by price trajectory rather than jointly over the
full panel, reducing a high-dimensional problem to a collection of low-dimensional prob-
lems that can be processed in parallel.

Lemma 1 reduces the dimensionality of the full-panel FFBS problem by decomposing it
into separate problems for each price trajectory. The corresponding recursions, given by
(15)–(16) and (18)–(19), remain nonlinear and non-Gaussian and do not admit closed-form
solutions, so they must be approximated numerically. We build on grid-based methods for
nonlinear, non-Gaussian state-space models (Kitagawa, 1987; Kramer and Sorenson, 1988)
to develop an FFBS procedure tailored to a measurement equation induced by a two-sided
Ss rule. The approach is particularly well suited to our setting because each price trajectory
has only a two-dimensional latent state and the measurement equation sharply restricts the
states consistent with the observed prices.
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Table 1: Prior distributions for parameters and initial states

Parameter Prior distribution Hyperparameters

(a) State-space parameters

µW N (m0
µ, v0

µ) m0
µ = 0, v0

µ = 1

1/σ2
ε,W G(s0

σ, r0
σ) s0

σ = r0
σ = 10−3

λW B(s0
1,λ, s0

2,λ) s0
1,λ = s0

2,λ = 1

¯
sW U (

¯
s0

LB,W ,
¯
s0

UB,W) ¯
s0

LB,W = min(−∆p+
W), ¯

s0
UB,W = max(−∆p+

W)

s̄W U (s̄0
LB,W , s̄0

UB,W) s̄0
LB,W = min(−∆p−

W), s̄0
UB,W = max(−∆p−

W)

(b) Initial latent states

xi,ti,W | pi,ti,W , θW (pi,ti,W , 1) w/ prob. κ0ω0 κ0 = freq(∆pW)

(pi,ti,W , 0) w/ prob. κ0(1 − ω0) ω0 = 0.6

(pr
i,ti,W

, 0), pr
i,ti,W

∼ U
(

pi,ti,W − s̄W , pi,ti,W −
¯
sW

)
w/ prob. 1 − κ0

Notes: For the Gamma prior, s0
σ and r0

σ denote the shape and rate parameters, respectively. ∆pW denotes the set
of observed price changes within W , while ∆p+

W and ∆p−
W denote the corresponding subsets of positive and

negative price changes. The initial state is xi,ti,W = (pr
i,ti,W

, ℓi,ti,W ). The parameter κ0 governs the probability
that the initial price gap is closed, while ω0 denotes the conditional probability that, given a closed initial gap,
the closure reflects a free adjustment opportunity.

During inaction, the absence of a price change implies ℓi,t = 0 and restricts the reset price
to values consistent with a gap inside the inaction region. Upon adjustment, the observed
price reveals the reset price exactly, pr

i,t = pi,t. If adjustment occurs from outside the inaction
region, either value of ℓi,t is admissible; if it occurs from within the region, the adjustment
must reflect a free opportunity and hence ℓi,t = 1.12 We use these restrictions to construct
date-specific grids and solve the FFBS recursions. Appendix B.2 provides the details of the
grid-based algorithm.

3.2.2 Gibbs sampler for the joint posterior

Building on the latent-state sampler described above, we construct a Gibbs sampler for the
joint posterior of the state-space parameters and latent states.

Priors. Table 1 reports the prior distributions. We choose prior functional forms to obtain
conjugate full conditionals wherever possible and set the hyperparameters to be weakly
informative, so that posterior inference is driven primarily by the likelihood. Two elements
of the prior are more directly tied to the data.

First, we construct the prior support for the inaction bounds using the range of observed

12At the initial observation, for which no preceding price change is observed, the filtered distribution allows
either value of ℓi,t and any reset price consistent with a gap inside the inaction region.
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price changes.13 Once a bound moves beyond the range of observed price changes on the
corresponding side of the distribution, observed adjustments provide no further informa-
tion for classifying whether a price change was free or threshold-triggered. We therefore
restrict the prior support to this range to prevent the bounds from drifting into weakly iden-
tified tail regions.

Second, the prior for the initial latent states reflects that we do not observe whether the
first price in a price trajectory results from an adjustment. We set the probability that the
initial price gap is zero equal to the empirical frequency of price changes. Conditional on a
zero gap, we assign a 60% probability to a free adjustment, in line with the average degree
of Calvoness estimated by Gautier and Le Bihan (2022) using French micro-price data.

Full conditionals. Given the priors in Table 1, the full conditionals for µ, σ2
ε , and λ belong

to standard conditionally conjugate families: Normal-Inverse-Gamma for (µ, σ2
ε ) and Beta-

Bernoulli for λ. Conditional on the latent states, these parameters can be sampled directly.

Because the Ss measurement equation does not contain measurement error, the latent
states and inaction thresholds are tightly linked. Conditional on the thresholds, the latent
states must satisfy the restrictions implied by the observed price changes: inaction without
a free adjustment requires the price gap to lie inside the inaction region, while adjustment
without a free opportunity requires it to lie outside. Conversely, conditional on the latent
states, these restrictions constrain the admissible values of the thresholds. As a result, sepa-
rate updates of the latent states and thresholds can lead to poor mixing of the Markov chain.

We therefore update the latent states and inaction thresholds jointly. Because their joint
full conditional does not admit a closed-form solution, we use a Metropolis–Hastings step
within the Gibbs sampler (Geweke and Tanizaki, 2001). We propose the latent states from
their smoothed conditional distribution, approximated using the grid-based FFBS procedure
described in Section 3.2.1, and the inaction thresholds from truncated normal distributions
with the same support as their priors and centered at their previous draws. The proposal
standard deviations are tuned during burn-in using a Robbins–Monro stochastic approx-
imation (Robbins and Monro, 1951).14 We target an acceptance rate of 33 percent, which
lies between the commonly used optimal-scaling benchmarks of approximately 23 percent
for high-dimensional and 44 percent for univariate Gaussian random-walk Metropolis pro-
posals (Roberts et al., 1997; Roberts and Rosenthal, 2001). Appendix B.3 provides the full
Gibbs sampling algorithm, while Appendix B.4 discusses extensions to alternative reset
price processes, including autoregressive dynamics, exogenous covariates, and fat-tailed
innovations.

13In our empirical application, we construct estimation windows to contain at least ten positive and ten
negative price changes, ensuring that the data-dependent prior support can be constructed on both sides of
the price-change distribution.

14In all estimations, we use 8,001 Gibbs draws, discard the first 3,001 as burn-in, and retain the remaining
5,000 for posterior inference.
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Table 2: Monte Carlo Results

True
Bias Standard Deviation

T = 12 T = 24 T = 12 T = 24

(a) Parameters

¯
s -20.18 0.00 0.00 0.08 0.04

s̄ 18.90 0.00 0.00 0.12 0.07

µ 0.28 -0.00 -0.00 0.10 0.05

σe 3.85 0.04 0.02 0.14 0.09

λ 6.53 -0.04 -0.03 0.43 0.29

(b) Cross-sectional moments of price gaps∗

Mean -1.02 0.00 0.00 0.23 0.18

Std Dev 8.25 -0.11 -0.04 0.09 0.06

Skewness -0.03 -0.01 -0.00 0.02 0.01

Kurtosis 2.66 0.08 0.05 0.04 0.03

Notes: The “True” column in Panel (a) reports DGP parameter values and in Panel (b) reports cross-sectional
price gap moments (including zeros) averaged over time periods and across replications. The “Bias” and
“Standard Deviation” columns report, respectively, the mean bias and standard deviation of the posterior
mean across replications, averaging first over time periods within each replication for Panel (b). True values
are in percent, except for the cross-sectional standard deviation of price gaps which is in percentage points and
skewness and kurtosis which are scale-free. All Bias and Standard Deviation columns are in percentage points,
except for skewness and kurtosis which are scale-free. Results are based on 1,000 Monte Carlo replications,
each a balanced panel of 300 price trajectories with T = 12 or T = 24 periods, with parameter values as
specified in Appendix Table A.1. ∗ The average correlation between estimated (posterior mean) and true
individual price gaps across Monte Carlo replications is 0.65 for T = 12 and 0.67 for T = 24.

3.3 Monte Carlo

We use a Monte Carlo experiment to assess how well the algorithm recovers the model pa-
rameters and latent states in finite samples. We calibrate the data-generating process using
the parameter values in Appendix Table A.1 and consider samples with 300 price trajecto-
ries observed over 12 and 24 periods.15 For each sample size, we generate 1,000 samples
from the state-space representation and use the Gibbs sampler in Section 3.2.2 to recover the
parameters and latent states. Table 2 reports the results.

Panel (a) reports the bias and standard deviation of the posterior mean estimates of the
model parameters across Monte Carlo replications, while panel (b) reports the correspond-
ing statistics for the cross-sectional moments of the price gap distribution. Both the param-
eters and the moments of the price gap distribution are recovered with negligible bias and

15These sample sizes are chosen to be comparable to those in the empirical application. Across estimation
windows, 88% contain 12 periods and 5.3% contain 24 periods, while the mean and median numbers of quote-
lines are 360 and 311, respectively.
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high precision. Increasing the sample length from 12 to 24 periods further reduces the dis-
persion of the estimates, reflecting the additional information contained in the longer panels.
Appendix B.5 reports post-estimation diagnostics and additional Monte Carlo experiments
under calibrations with different degrees of Calvoness. Overall, the results validate the pro-
posed algorithm and show that both the model parameters and the moments of the latent
price gap distribution can be recovered accurately in finite samples.

4 Application to UK micro-price data

This section brings the algorithm to micro-level price data from the UK. We begin by de-
scribing the dataset, the cleaning procedure, and the estimation windows. We then present
the parameter estimates and examine their empirical properties. Finally, we construct the
estimated distribution of price gaps and document its time variation.

4.1 Data description

We use publicly available data on locally collected price quotes underlying the construc-
tion of the UK Consumer Price Index (CPI). To produce the CPI, the Office for National
Statistics (ONS) collects monthly prices for a broad set of goods and services selected to rep-
resent household expenditure across the UK.16 Prices are collected either centrally or locally.
Central collection is used for items with uniform pricing nationwide or for which regional
variation can be captured remotely, for example, through the internet, telephone, or email.
To protect confidentiality, centrally collected prices that could reveal the identity of the price
setter are excluded from the public release.

The remaining items, accounting for roughly 60 percent of the aggregate CPI by weight
and spanning 11 of the 12 major COICOP divisions, are collected in person by ONS field
agents. Each month, they visit thousands of retail outlets across more than 140 UK locations
and collect over 100,000 prices using handheld devices.17 Our baseline sample consists of
these locally collected price quotes from 1996m1 to 2026m1.18

Our cleaning procedure has two stages. In the first stage, we apply three filters: we ex-
clude price quotes that did not enter the actual CPI calculation because they failed the ONS
internal validation procedures; we remove quotes referring to research items that were not
part of the official CPI; and we exclude any quotes that cannot be uniquely identified by the
combination of month, item identifier, shop code, and region.19

16ONS refers to these as representative items. Examples of item descriptions include: ”large loaf-white-
sliced-800g”, ”ultra low sulphur petrol 10l”, ”washing mach no dryer max 1800”, ”funeral-cremation”, ”driv-
ing lesson 1 hour”.

17Education is the only COICOP division not represented, as all items in that division are collected centrally.
18Bunn and Ellis (2012) were the first to document stylized facts from this dataset, which has since been

widely used in the pricing literature. Since this is not the first paper to use the data, we focus on the features
most relevant for constructing our final sample.

19The validation procedures are described in ONS (2014, Chapter 6). In the ONS internal system, quote-
lines are uniquely identified by month, item identifier, shop code, and location. For confidentiality reasons,
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In the second stage, we clean the raw data to obtain quote-lines of regular prices by re-
moving product substitutions, imputing regular prices during sale spells, excluding price
changes whose absolute log size is greater than 2 or less than 0.01, and splitting quote-lines
at gaps to ensure contiguous observations. We also exclude any items that do not have at
least ten positive and ten negative price changes over the full sample. Details on these pro-
cedures are provided in Appendix C.1. Our final sample includes almost 35 million price
quote observations, more than 3.6 million quote-lines, and 1,337 unique items.

As described in Section 3.1, model parameters are window specific. We split each item’s
sample into a sequence of non-overlapping estimation windows, which we call item-windows,
and conduct estimation at this level, thereby allowing parameters to vary both across items
and over time. Starting from the item’s first observation, the first window ends in the follow-
ing January if it contains at least ten positive and ten negative price changes. Otherwise, it is
extended in twelve-month increments until a subsequent January at which this condition is
satisfied or the item exits the sample.20 Subsequent windows are defined in the same way.
This guarantees that each item-window used in estimation contains at least ten positive and
ten negative price changes, allowing both adjustment thresholds to be identified.

The resulting windows are overwhelmingly annual: across the 1,337 items we obtain
15,664 item-windows, 88 percent of which span exactly twelve months. For the few ter-
minal windows that do not satisfy this requirement (fewer than 1 percent), we estimate only
the latent states, holding parameters fixed at the posterior means from the item’s last es-
timable window. Finally, to avoid discontinuities in the estimated reset price trajectories,
for quote-lines that continue across item-windows we use the posterior means of the latent
states at the end of the preceding window as initial conditions for the latent states in the next
window.

4.2 Parameter estimates

Table 3 summarizes the parameter estimates across item-windows. The first two columns
report the mean and median of the posterior mean of each parameter, while Appendix Fig-
ure A.2 shows their cross-sectional distributions over time. The estimated inaction region is
asymmetric, with mean lower and upper bounds of −33 and 50 percent, respectively, and
corresponding medians of −22 and 40 percent. Reset prices drift upward by 0.11 percent per
month on average, with innovations that have a standard deviation of 8.9 percent. The esti-
mated probability of a free adjustment opportunity averages 7.1 percent. Finally, the mean
degree of Calvoness is 66 percent, implying that roughly two-thirds of price changes occur

the published data report region rather than location. As a result, two outlets with the same shop code may
be located in different locations within the same region, making their price trajectories indistinguishable in
the public data. These account for roughly 3.8 million observations. Following ONS guidance, we exclude
these cases and retain only price observations that are uniquely identified by the combination of month, item
identifier, shop code, and region.

20We end windows in January to align them with the annual rotation of the ONS basket. In our data, most
items enter the sample in February and exit in January.
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Table 3: Parameter estimates: descriptive statistics and variance decomposition

Mean Median Std. dev. Within
share

Between
share

Inaction lower bound (
¯
s) -32.96 -22.05 33.24 68.61 31.39

Inaction upper bound (s̄) 49.51 40.42 34.09 56.13 43.87

Reset price drift (µ) 0.11 0.15 1.08 83.74 16.26

Reset price std. dev. (σε) 8.93 8.06 4.95 37.09 62.91

Free adj. probability (λ) 7.07 5.17 6.41 33.44 66.56

Calvoness 66.47 69.81 26.77 70.86 29.14

Notes: Computed across 15,513 item-window observations for 1,337 items (excluding FFBS-only windows).
Total reports the standard deviation in the same units as the parameter, with all parameters multiplied by 100.
Within and Between report the shares of total variance, in percent, attributable to within-item variation over
time and between-item variation, respectively. Calvoness is defined as the share of price changes occurring
inside the inaction region.

inside the estimated inaction region.

Comparisons with existing estimates are not exact because our estimation approach dif-
fers from the literature in two important respects: we estimate the semi-structural param-
eters of the state-space representation in Section 3.1, and we do so using Bayesian meth-
ods rather than moment matching. The closest comparison is Gautier and Le Bihan (2022),
who estimate a random menu cost model using French CPI micro-price data by simulated
method of moments. Despite these differences, the estimates are broadly comparable. Rel-
ative to theirs, we find a wider inaction region and somewhat greater reset price volatility,
while the reset price drift and probability of free adjustment are nearly identical.21 Our
estimated degree of Calvoness is also close to theirs, and lies within the range of related
estimates in the literature, from 50 percent for the UK in Blanco (2021) to 75 percent for the
US in Nakamura and Steinsson (2010).

Our estimates display substantial variation across items and over time. The last three
columns of Table 3 decompose the variance of each parameter into within-item and between-
item components. The inaction bounds and reset price drift exhibit predominantly within-
item variation, whereas the standard deviation of reset price innovations and the free ad-
justment probability vary mainly across items. Thus, the relative importance of time-series
and cross-sectional variation differs substantially across parameters.

The estimates also exhibit systematic relationships across parameters. Our semi-structural
approach does not impose a mapping from the process parameters to the bounds of the in-

21For the standard deviation of reset price innovations, both sets of estimates range from close to zero to
around 20 percent. For the inaction bounds, the estimates in Gautier and Le Bihan (2022) span roughly 0 to 40
percent in absolute value, while ours range from about 1 to 199 percent.
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Table 4: Cross-parameter relationships

Dependent variable

Inaction lower
bound (

¯
s)

Inaction upper
bound (s̄)

Frequency of
price increases

Frequency of
price decreases

Reset price drift (µ) -5.20∗∗ -4.41∗∗ 0.77∗∗ -0.51∗∗

(0.38) (0.36) (0.06) (0.06)

Reset price std. dev. (σε) -0.73∗∗ 2.81∗∗ 0.18∗∗ 0.17∗∗

(0.16) (0.12) (0.01) (0.01)

Free adj. probability (λ) -1.52∗∗ -0.36∗∗ 0.44∗∗ 0.40∗∗

(0.12) (0.11) (0.02) (0.02)

Adj. R2 0.40 0.54 0.84 0.90

Observations 15,513 15,513 15,513 15,513

Notes: Each column reports an item-window level OLS regression of the dependent variable on all the esti-
mated parameters, item fixed effects, and window-start fixed effects. All variables are expressed in percentage
points. Standard errors clustered by item in parentheses. Sample: 15,513 item-window observations for 1,337
items (excluding FFBS-only windows). ∗ (∗∗) denotes rejection at the 32% (10%) significance level.

action region. In the structural model, this mapping arises endogenously from firms’ opti-
mization. Table 4 examines whether the corresponding comparative statics emerge in the
estimated item-window parameters. The first row shows that a higher reset price drift shifts
the inaction region downward and is associated with more price increases and fewer price
decreases. This pattern is consistent with the asymmetry generated by positive trend in-
flation in menu cost models (Ball and Mankiw, 1994). The second row shows that greater
reset price volatility widens the inaction region and raises the frequency of adjustments in
both directions, as in Ss price-setting models with higher volatility (Vavra, 2014). Finally,
a higher probability of a free adjustment opportunity is associated with a more negative
lower bound and with more frequent price increases and decreases, consistent with models
featuring random opportunities for costless adjustment (Stokey, 2009). The only exception
is the upper-bound response, which is estimated to be slightly negative rather than positive.
Overall, 11 of the 12 estimated relationships have the sign predicted by the comparative
statics of standard Ss models.

4.3 The estimated distribution of price gaps

For each observed price quote pi,t, we define the estimated price gap as ŝi,t = pi,t − p̂r
i,t,

where p̂r
i,t denotes the posterior mean of the reset price.22 Since the price gap resets to zero

22Throughout the remainder of the paper, we use posterior means and abstract from posterior uncertainty
in the price-gap moments. The Monte Carlo exercises in Section 3.3 show that, for samples comparable in
size to a typical item-window in our application, posterior means of the moments are tightly centered around
their true values. For the aggregate moments used in the empirical analysis, Appendix Figure A.3 additionally
constructs the standardized moments separately for each posterior draw, after aggregating across items, and
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Figure 3: Price gaps and inflation over time

Notes: The thick gray line reports the median of the weighted cross-sectional price-gap distribution; dark and
light shaded regions show the interquartile and 5th–95th percentile ranges, respectively (left axis). Each quote-
line is weighted by its CPI weight. The black line is published year-on-year CPI inflation (source: ONS; right
axis).

upon adjustment for every quote-line, estimated gaps are directly comparable across items
and can be pooled to construct an aggregate distribution. Each quote-line enters with its
CPI weight, so that the resulting distribution is representative of the price index. We denote
this aggregate distribution by Ĝt.23 Figure 3 plots its evolution from January 1997 to January
2026 alongside published year-on-year CPI inflation, reporting the median together with the
interquartile and 5th-to-95th percentile ranges.

The gap distribution exhibits substantial time variation in its shape. Year-on-year inflation
itself varies considerably, ranging from −0.2 to 11.1 percent over the sample. Yet the under-
lying gap distribution exhibits even greater variation, both in its location and dispersion.
The median gap ranges from 0 to 8.5 percentage points, the interquartile range from 2 to 30
percentage points, and the 5th-to-95th percentile range from 33 to 86 percentage points.24

Characterizing the gap distribution through its ergodic counterpart alone would miss this
variation entirely.

shows that posterior uncertainty around the resulting mean, standard deviation, skewness, and kurtosis is
almost negligible.

23While the true structural state of the economy depends on the joint distribution of price gaps and item-
specific adjustment rules, pooling the raw gaps yields a tractable, aggregate indicator that effectively summa-
rizes macroeconomic pricing pressure.

24The extremes of the median and interquartile range occur during the pandemic months, when ONS price
collection was partially suspended, but they are not artifacts of the disruption. Excluding 2020m3–2021m7
leaves the ranges essentially unchanged, with maxima of 8.0 and 29.4 percentage points in December 2023 and
October 2017, respectively.
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Through the first decade of the sample, the gap distribution fluctuates around a compara-
tively tight configuration, with the median close to zero and occasional episodes of marked
compression, most visibly at the end of 2008, when the VAT cut introduced in response to
the global financial crisis triggered broad repricing across items. From 2009 onwards, the
distribution is persistently wider and increasingly asymmetric. The upper tail shifts out-
ward over the 2010s, reaching its widest point in late 2017, about a year and a half after
the Brexit referendum and the associated sterling depreciation. Over the same period, the
median becomes persistently positive, so that most of the mass comes to lie above zero.
The Covid-19 pandemic marks the sharpest break in the sample. The distribution widens
abruptly in the spring of 2020, remains displaced throughout the inflation surge of 2022–
2023, and approaches its pre-pandemic shape only near the end of the sample.

The evolution of the distribution bears no simple relationship to contemporaneous infla-
tion. The tightest and the widest gap distributions in the sample, at the end of 2008 and in
late 2017, both occur with inflation at roughly 3 percent. The figure instead suggests that the
connection emerges with a delay. Inflation records price changes as they happen, while the
distribution accumulates those still to come. The widening of 2020 arrives while inflation is
still subdued and precedes the surge of 2022–2023; inflation returns towards target only as
the distribution reverts. We explore this relationship more systematically next.

5 Price gaps in action

This section puts the estimated price gap distribution to work. We begin with a snapshot
of the distribution before three extreme inflation outcomes in our sample. Conditioning on
identified monetary policy and oil shocks, we then examine how the state of the distribution
shapes their pass-through to inflation. Unconditionally, we evaluate the predictive content
of its moments for inflation and quantify their contribution.

5.1 Price gaps ahead of inflation extremes

We begin with three case studies centered on the inflation extremes in our sample. Two pre-
cede the sharpest inflation peaks: year-on-year inflation reached its pre-pandemic peak of
5.1 percent in September 2008 and its overall maximum of 11.1 percent in October 2022. The
third precedes the sample minimum of −0.2 percent, reached in April 2015. We examine the
gap distribution one year before each of these outcomes and compare it with a benchmark
date at which the distribution was close to its long-run configuration.25 We use March 2024
as the benchmark, by which point the distribution had reverted to its pre-pandemic shape
following the displacement documented in Figure 3. Over the following twelve months,
cumulative inflation was 2.6 percent, close to its sample average.

25We define the benchmark as the in-sample date that minimizes the sum of squares of the standardized
aggregate mean, standard deviation, skewness, and kurtosis of the gap distribution.
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Figure 4 overlays the gap distribution at each case-study date on the benchmark distri-
bution and reports cumulative inflation over the year that followed. Appendix Table A.5
reports the corresponding summary statistics and standardized moments.

September 2007. Twelve months before the biggest pre-pandemic inflation peak, headline
inflation stood at 1.7 percent. The gap distribution deviated from the benchmark on a single
side, with a shoulder of prices that had fallen behind their reset values, while the upper tail
was in line with its long-run counterpart. The pending adjustments were price increases.
Over the following year, the price level rose by 5.1 percent, twice the benchmark path, and
year-on-year inflation reached its pre-pandemic peak.

April 2014. Twelve months before the deepest inflation trough, the picture was the mirror
image. Headline inflation was 1.8 percent, indistinguishable from September 2007. The de-
viation now sat entirely on the positive side, with substantially more mass at large positive
gaps and a negative range that matched the benchmark. The pending adjustments were
price cuts. Over the following year, prices barely moved, and if anything declined. The
shortfall relative to trend was substantial, as the benchmark path accumulated 2.6 percent
of inflation over the same horizon, and year-on-year inflation reached its sample minimum.

October 2021. In contrast with the two previous episodes, in October 2021 the price gap dis-
tribution offered no such one-sided reading. Inflation stood at 4.1 percent, already high by
recent historical standards, though well below the rates that would follow. The distribution
carried extra mass in both tails relative to the benchmark, a legacy of the large relative price
movements of the pandemic, and was primed for large price adjustments in either direction.
The surge in energy prices in 2022 pushed the adjustment to the upside. Over the following
year, the price level rose by 11.1 percent, more than four times the benchmark path, and
year-on-year inflation reached its sample maximum.

These comparisons are purely descriptive and cannot decompose realized inflation into
the unwinding of the pressure in place at the outset and shocks that arrived along the way.26

We now make progress on the latter by turning to externally identified aggregate shocks and
testing whether their propagation depends on the state of the distribution.

5.2 State-dependent shock propagation

The theory predicts that the transmission of an aggregate shock depends on the state of the
price gap distribution when the shock arrives. As discussed in Section 2.3.1, transmission
should be stronger when the distribution contains more latent adjustment pressure in the
direction of the shock. We examine this prediction using identified monetary policy and oil
shocks.

26While our framework does not accommodate aggregate uncertainty per se, shocks are captured ex post
through changes in the trend of reset prices, idiosyncratic volatility, the free-adjustment probability, and the
associated adjustment bands.
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Figure 4: Price gaps ahead of inflation extremes

Notes: The left column reports kernel density estimates of the weighted cross-sectional price-gap distribution at
each reference date (black line) and at the March 2024 benchmark (shaded gray). The right column reports cu-
mulative CPI inflation over the twelve months following each reference date (black) and following March 2024
(gray). The rows correspond to September 2007, April 2014, and October 2021, respectively. Each quote-line is
weighted by its CPI weight.
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5.2.1 Empirical strategy

Our empirical strategy combines within-class time variation with instrumental variables in
a state-dependent panel local projection framework.27 More concretely, for each horizon h,
we estimate

log Pc,t+h = αh ∆xt + β+
h ∆x+t mc,t−1 + β−

h ∆x−t mc,t−1 + γh ∆xt sdc,t−1

+ ζ+h ∆x+t skc,t−1 + ζ−h ∆x−t skc,t−1 + ηh ∆xt kc,t−1 + w′
c,t Γh + ec,t+h, (20)

where log Pc,t+h is the log of the published class price index, ∆xt is the endogenous impulse
variable, ∆x+t ≡ max{∆xt, 0} and ∆x−t ≡ min{∆xt, 0} are its positive and negative parts,
and mc,t−1, sdc,t−1, skc,t−1, and kc,t−1 denote the standardized mean, standard deviation,
skewness, and kurtosis of the estimated price gap distribution for class c in the previous
month.28 The control vector wc,t includes class fixed effects and twelve lags of the dependent
variable, the endogenous impulse variable, the standardized gap moments, and a set of
macroeconomic variables typically included in VARs for the UK economy.29 We instrument
all terms involving the endogenous impulse variable. For each instrument, we apply the
same sign decomposition and interactions with the lagged price gap moments.30 Standard
errors are clustered by product class.

The interactions between the impulse variable and the moments of the estimated price gap
distribution allow the response to vary with the initial state of the distribution. We allow the
interactions with the mean and skewness to depend on the sign of the impulse because these
are odd moments. They capture the direction in which pricing pressure has accumulated,
so their effect is expected to depend on whether the impulse pushes prices with or against
that pressure. By contrast, the standard deviation and kurtosis are even moments. They
capture features of the distribution that are invariant to a reversal in sign, such as the extent
to which mass is concentrated away from the center and toward the adjustment thresholds,
and therefore enter symmetrically.

5.2.2 Monetary policy

We first consider monetary policy shocks, the primary aggregate disturbance studied in the
menu cost literature. An important feature of our sample is that the Bank Rate was con-

27A product class is a COICOP4 category. Although gaps are constructed at the individual quote-line level,
we estimate the specification at the class level because product substitutions make the panel increasingly un-
balanced at finer levels of disaggregation and leave fewer observations from which to construct the moments
of the price gap distribution.

28Each moment is standardized using the class’s own time-series mean and standard deviation.
29Following Cesa-Bianchi et al. (2019) and Braun et al. (2025), we include log GDP, the log nominal sterling

exchange rate index, corporate bond spreads, the unemployment rate, and the log FTSE. More details are
provided in Appendix C.3.

30More precisely, for each instrument zi,t, the instrument set includes zi,t, z+i,t mc,t−1, z−i,t mc,t−1, zi,t sdc,t−1,
z+i,t skc,t−1, z−i,t skc,t−1, and zi,t kc,t−1.
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strained by the effective lower bound for an extended period. This motivates our choice
of both the impulse variable and the external instruments. To capture the stance of mon-
etary policy, we use changes in the one-year gilt yield as the impulse variable rather than
changes in the Bank Rate.31 As instruments, we use the target, path, and QE factors esti-
mated by Braun et al. (2025), which capture different dimensions of monetary policy over
this period.32

Coefficient estimates. Table 5 reports the estimated coefficients and hypothesis tests at se-
lected horizons.33 The baseline coefficient captures the response at a distribution in which
each of the four moments is equal to its time-series mean. It is negative and statistically sig-
nificant at the 10 percent level at all horizons and increases in magnitude through 18 months,
implying that a monetary tightening lowers the price level relative to a no-shock counterfac-
tual, with the effect building gradually over time. Despite differences in methodology and
sample period, the magnitude is broadly consistent with the response of consumer prices
reported by Braun et al. (2025).34

State dependence operates through the interaction terms. We first consider the mean.
Holding the other moments fixed, a higher mean price gap implies that prices are, on av-
erage, further above their reset prices, generating greater downward pressure on prices.
Consistent with this interpretation, the interaction with monetary tightening is negative, so
a higher mean amplifies the decline in prices following a tightening; whereas the interaction
with monetary easing is positive, dampening the increase in prices following an easing. The
difference between the two mean interaction coefficients is statistically significant through
18 months, as shown by the rejection of the no-mean-asymmetry hypothesis in Panel (b).

Turning to the remaining moments, the interaction with the standard deviation is negative
at all horizons and statistically significant at several of them. Holding the other moments
fixed, a higher standard deviation corresponds to a wider gap distribution, placing more
price setters closer to their adjustment thresholds. The negative interaction therefore im-
plies that greater dispersion amplifies the price response to both monetary tightenings and
easings. Given the bounded nature of the inaction region, holding the other moments fixed,
a higher skewness places relatively more mass on the left-hand side of the gap distribu-
tion. Consistent with this, higher skewness tends to dampen the response to a monetary

31The use of 1y yields to capture monetary policy stance has become common in monetary VARs that span
the effective-lower-bound period (e.g., Gertler and Karadi, 2015; Cesa-Bianchi et al., 2019).

32Panel (a) of Appendix Figure A.4 reports the weak-instrument test of Lewis and Mertens (2026). The
null of weak instruments is rejected at the 10% significance level for a relative-bias threshold of approximately
30%. Appendix Figures A.5, A.6, and A.7 report identification-robust inference following Andrews (2018)
alongside conventional inference for all horizons and hypothesis tests. Conclusions are mostly unchanged
under identification-robust inference.

33Coefficient estimates and hypothesis tests for all horizons are reported in Appendix Figures A.5, A.6, and
A.7.

34For comparison, rescaling the impulse responses from the SVAR estimated by Braun et al. (2025) over
1997–2019 and identified using the Path factor, which has its peak loading around the one-year maturity,
implies that a 25 basis point increase in the one-year gilt yield lowers consumer prices by approximately 0.75–1
percent after two years.
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Table 5: State-dependent monetary policy transmission

Dependent variable: log Pc,t+h

Horizon 0 1 6 12 18 24

(a) Local Projection coefficients

∆xt -0.29∗∗ -0.34∗∗ -0.55∗∗ -0.85∗∗ -1.15∗∗ -1.07∗∗

(0.09) (0.14) (0.11) (0.16) (0.20) (0.24)

∆x+t × mc,t−1 -0.29∗∗ -0.29∗∗ -0.47∗ -0.67∗∗ -0.44∗ -0.33
(0.14) (0.13) (0.31) (0.33) (0.37) (0.45)

∆x−t × mc,t−1 -0.03 0.00 0.40∗∗ 0.42∗∗ 0.71∗∗ 0.68∗∗

(0.07) (0.09) (0.15) (0.22) (0.30) (0.38)

∆xt × sdc,t−1 -0.12∗∗ -0.13∗∗ -0.26∗∗ -0.18∗ -0.23∗ -0.14
(0.05) (0.06) (0.12) (0.14) (0.17) (0.20)

∆x+t × skc,t−1 0.16∗ 0.10 0.07 0.40∗ 0.01 0.35
(0.11) (0.17) (0.24) (0.32) (0.37) (0.36)

∆x−t × skc,t−1 -0.02 -0.05∗ -0.10∗ -0.07 -0.05 -0.05
(0.03) (0.04) (0.07) (0.09) (0.13) (0.15)

∆xt × kc,t−1 -0.08∗∗ 0.04 0.05 -0.07 -0.06 -0.02
(0.03) (0.04) (0.08) (0.09) (0.10) (0.12)

(b) Hypothesis tests (p-values)

No mean asymmetry 0.06 0.05 0.02 0.01 0.05 0.17

No skew. asymmetry 0.11 0.38 0.52 0.17 0.88 0.35

No state dependency 0.10 0.02 0.17 0.14 0.18 0.33

Observations 25,023 24,958 24,633 24,243 23,853 23,463

Notes: This table presents estimates of (20) with ∆xt equal to the change in the 1y Gilt and the instrument set
given by the target, path and QE factors from Braun et al. (2025). Panel (a) reports the local projection coeffi-
cients scaled to a 25 bps change in the 1y Gilt with standard errors clustered at the class level in parentheses.
Panel (b) reports p-values for: no mean asymmetry (H0 : β+

h = β−
h ), no skewness asymmetry (H0 : ζ+h = ζ−h ),

and no state dependency (H0 : all six interaction coefficients equal to zero). ∗ (∗∗) denotes rejection at the 32%
(10%) significance level.

tightening and amplify the response to a monetary easing. However, the individual interac-
tion coefficients are statistically significant at only a handful of horizons, and the hypothesis
of no skewness asymmetry cannot be rejected at most horizons. Finally, holding the other
moments constant, higher kurtosis places more mass near the center and in the tails of the
gap distribution. Its interaction displays no consistent sign across horizons and is generally
not statistically significant; the only clear exception is the impact response, where higher
kurtosis amplifies the response to monetary policy shocks of either sign.

Taken together, the signs of the interaction coefficients are consistent with the underlying
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economics of the model. The joint tests provide additional evidence of state dependence, re-
jecting the null that all interaction terms are jointly zero at the 10 percent level on impact and
after one month, with p-values remaining below 0.20 through 18 months. Thus, the evidence
for state dependence is not driven solely by the significance of individual coefficients.

Impulse responses at the case-study dates. To gauge the quantitative implications of the
local projection estimates, Figure 5 reports the impulse responses to a 25 basis point increase
in the one-year gilt yield evaluated at the three case-study distributions from Section 5.1,
together with the corresponding response at the March 2024 benchmark distribution.35

The responses line up closely with the shape of the gap distributions documented in Sec-
tion 5.1. In September 2007, the distribution had a shoulder of prices below their reset val-
ues and less mass on the positive side than the benchmark. Consistent with there being less
downward adjustment pressure to reinforce a tightening, the response is dampened relative
to the benchmark, by an average of 55 percent across horizons from impact to 24 months.
The difference is statistically significant at the 32 percent level through approximately 18
months. The other two case-study dates display the opposite pattern. In April 2014, sub-
stantially more mass lies at large positive gaps, and the response to a tightening is amplified
by an average of around 70 percent relative to the benchmark. The October 2021 distribution
also has excess mass at positive gaps, as part of its two-sided displacement, and the response
is amplified by an average of around 23 percent. The larger amplification in April 2014 is
consistent with the more pronounced displacement on the positive side of the distribution.
In both cases, the differences from the benchmark are statistically significant at the 32 or 10
percent level through approximately 21 months.

Appendix Figure A.8 repeats the exercise for a 25 basis point monetary easing. The pat-
tern shifts in the expected direction: the response is amplified relative to the benchmark
in September 2007 and October 2021, by 132 and 48 percent on average, respectively, but
is essentially unchanged in April 2014. Overall, the estimates are consistent with stronger
monetary policy transmission when the shock pushes prices in the same direction as the
imbalance already present in the gap distribution.

Monetary policy pass-through over time. Beyond the three case-study dates, the price gap
distribution varies considerably over time, as documented in Figure 3, implying correspond-
ing variation in monetary policy transmission. Figure 6 traces this variation over the full
sample, reporting the estimated pass-through of a monetary tightening and easing at the
two-year horizon relative to the March 2024 benchmark.

The variation in pass-through induced by changes in the price gap distribution is sub-
stantial. Relative to the March 2024 benchmark, the response to a tightening ranges from
being almost fully dampened during a handful of months around the global financial crisis

35The specification is linear in the shock, so the magnitudes reported here are local to a 25 basis point
move. In the model, the shock-size and initial-condition channels reinforce each other (Section 2.3.1). The
proportional comparison across states does not depend on the scale of the baseline response.
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Figure 5: Responses to a monetary tightening at selected dates

Notes: The left column plots the estimated impulse response of cumulative inflation to a 25 bps increase in the
1y Gilt rate from (20), with ∆xt equal to the change in the 1y Gilt instrumented by the target, path, and QE
factors from Braun et al. (2025). The grey line with shaded bands is the response evaluated at the benchmark
distribution (March 2024); the black line is the response evaluated at the alternative date (September 2007,
April 2014, and October 2021 in rows 1, 2, and 3, respectively). The right column plots the difference between
the impulse response at the alternative date and at the benchmark date, with shaded areas denoting the 68%
and 90% confidence bands. A white (black) filled circle indicates that the difference is statistically significant
at the 32% (10%) level.
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Figure 6: Monetary policy passthrough at the 2-year horizon

Notes: The figure plots the estimated cumulative inflation passthrough to monetary policy shocks 24 months
ahead, relative to the benchmark distribution (2024m3). The grey line (left axis) and the black line (right axis)
show the passthrough for a 25 bps increase and decrease in the 1y Gilt rate, respectively. Both series are
normalised to 1 at 2024m3 (vertical dashed line): values above 1 indicate a larger-than-reference passthrough,
values below 1 a smaller one. The passthrough is set to zero before normalisation if the estimated response
has the wrong sign (6 instances: 2008m10 and 2008m12–2009m4). The passthrough is estimated based on
coefficients from (20) with ∆xt equal to the change in the 1y Gilt and the instrument set given by the target, path
and QE factors from Braun et al. (2025) and the standardized moments of the aggregate price gaps distribution
over time.

to being amplified by as much as 69 percent in early 2018. The response to an easing ranges
from being dampened by 85 percent to being amplified by 178 percent, with the largest am-
plification occurring near the beginning of the sample. The figure also reveals a broad shift
in the direction of the asymmetry over time. Until around 2012, easings tend to be amplified
while tightenings are dampened. The pattern reverses over much of the following decade,
with stronger transmission of tightenings and weaker transmission of easings, before mov-
ing back toward the earlier configuration near the end of the sample. This middle period
overlaps with the effective-lower-bound era and the subsequent period of subdued infla-
tion and growth, suggesting that the gap distribution reflects these broader macroeconomic
conditions in ways that matter for monetary policy transmission.

5.2.3 Oil prices

Monetary policy is one force behind movements in reset prices, but direct cost shocks such
as changes in oil prices move them as well. To assess whether the same state dependence
extends to a distinct source of variation in reset prices, we reestimate (20) using changes in
oil prices as the impulse variable and the oil supply news shocks from Känzig (2021) as in-
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struments. The coefficient estimates and hypothesis tests, reported in Appendix Figures A.9,
A.10, and A.7, reproduce the main qualitative patterns found for monetary policy.36

Figure 7 reports the responses to a 10 percent increase in oil prices evaluated at the three
case-study distributions and at the March 2024 benchmark. The results closely parallel those
for monetary policy. In September 2007, when the distribution had excess mass below reset
prices, the response to an oil-price increase is amplified relative to the benchmark. In April
2014, when the imbalance lies on the opposite side of the distribution, the response is damp-
ened. In October 2021, when the distribution is displaced in both directions, the response is
again amplified. The differences from the benchmark are less precisely estimated than for
monetary policy, but the pattern across the three distributions is the same. Thus, a distinct
aggregate shock generates the same qualitative pattern of state dependence across the three
gap distributions.

Appendix Figure A.11 reports the corresponding responses to a 10 percent decrease in oil
prices. As expected, the pattern across the first two case-study dates reverses: the response
is dampened in September 2007 and amplified in April 2014, while it remains amplified in
October 2021. Appendix Figure A.12 shows that the similarity with monetary policy extends
beyond these three dates, with the direction of pass-through asymmetry displaying a similar
broad evolution over the sample.

These results suggest that the gap distribution can serve as an indicator of the economy’s
sensitivity to new shocks. A displaced distribution signals that latent pricing pressure has
built up, so that even a moderate shock can generate a large price response. The same
features of the distribution that generate this state dependence should also contain uncon-
ditional information about future inflation, well beyond the three dates considered in Sec-
tion 5.1. We explore this next.

5.3 Predictive content of price gaps

We study the predictive content of price gaps in two steps. We first establish the in-sample
relationship between the price gap distribution and future inflation, and then evaluate its
out-of-sample forecasting performance.

5.3.1 In-sample predictive content

Figure 4 suggests that the shape of the price gap distribution contains predictive information
about future inflation. We now examine this relationship more systematically and assess
whether it survives after controlling for standard predictors of inflation. Let π

y
t+h denote

year-on-year inflation h months ahead. We then estimate

36Panel (b) of Appendix Figure A.4 reports the weak-instrument test of Lewis and Mertens (2026), which
rejects the null of weak instruments at the 10% significance level for a relative-bias threshold of approximately
10%. Appendix Figures A.9, A.10, and A.7 also report identification-robust inference following Andrews (2018)
alongside conventional inference for all horizons and hypothesis tests. Conclusions are mostly unchanged
under identification-robust inference.
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Figure 7: Responses to an oil price increase at selected dates

Notes: The left column plots the estimated impulse response of cumulative inflation to a 10% increase in oil
prices from (20), with ∆xt equal to the log change in oil prices instrumented by oil supply news shocks from
Känzig (2021). The grey line with shaded bands is the response evaluated at the benchmark distribution
(March 2024); the black line is the response evaluated at the alternative date (September 2007, April 2014, and
October 2021 in rows 1, 2, and 3, respectively). The right column plots the difference between the impulse
response at the alternative date and at the benchmark date, with shaded areas denoting the 68% and 90%
confidence bands. A white (black) filled circle indicates that the difference is statistically significant at the 32%
(10%) level.
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Table 6: Price gap moments and inflation

Dependent variable: year-on-year inflation 12 months ahead

(1) (2) (3) (4) (5) (6) (7)

(a) Price gap coefficients

mt -0.12∗ -0.20∗∗ -0.19∗ -0.25∗∗ -0.10 -0.29∗∗ -0.36∗∗

(0.10) (0.10) (0.12) (0.13) (0.13) (0.12) (0.12)

sdt -0.01 0.12∗ -0.05 0.16∗∗ 0.06 0.00 0.12∗

(0.10) (0.10) (0.12) (0.06) (0.10) (0.11) (0.08)

skt 1.99∗∗ 1.45∗∗ 1.52∗∗ 1.27∗∗ 2.28∗∗ 0.93∗∗ 0.20
(0.67) (0.63) (0.65) (0.63) (0.74) (0.55) (0.80)

kt -0.29∗ -0.29∗ -0.27∗ -0.31∗ -0.09 -0.32∗ -0.20∗

(0.24) (0.25) (0.23) (0.26) (0.19) (0.26) (0.18)

(b) Joint significance (p-values)

Price gaps 0.03 0.14 0.07 0.04 0.02 0.05 0.03

Controls 0.01 0.20 0.00 0.11 0.02 0.00

All vars 0.03 0.00 0.05 0.00 0.03 0.03 0.00

Adj. R2 0.08 0.23 0.11 0.38 0.20 0.15 0.47

Observations 348 337 348 348 325 337 325

Notes: Panel (a) reports regression coefficients for price gap moments with Newey-West HAC standard errors
(12 lags) in parentheses. The dependent variable is year-on-year inflation 12 months ahead. Column (1) in-
cludes no additional controls; (2) adds published year-on-year inflation π

y
t ; (3) adds the 1-year Gilt yield; (4)

adds log WTI spot price and log EU gas price; (5) adds year-on-year real GDP growth; (6) adds the log sterling
exchange rate index; (7) includes all of the above. ∗ (∗∗) denotes rejection at the 32% (10%) significance level.
Panel (b) reports p-values for joint significance of price gaps, additional controls, and all variables.

π
y
t+h = α + β′ Mt + γ′ Xt + et, (21)

where Mt contains the four standardized moments of the price gap distribution and Xt

contains additional controls. We begin with the price gap moments alone, then add standard
inflation predictors one at a time, before including them jointly. Table 6 reports the results
for year-on-year inflation 12 months ahead.

Column (1) formalizes the patterns illustrated by the case studies in Section 5.1. Consistent
with the theory and our previous results, a higher mean gap and higher kurtosis predict
lower future inflation, while higher skewness predicts higher future inflation. The standard
deviation does not enter significantly. The four price gap moments are jointly significant
and account for around 8 percent of the variation in year-on-year inflation twelve months
ahead.
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A natural concern is that the gap distribution may capture the effects of other variables
that jointly shape current price gaps and future inflation. The remaining columns examine
this possibility by adding a different control in each specification: current year-on-year in-
flation in column (2), the one-year gilt yield in column (3), oil and gas prices in column (4),
year-on-year real GDP growth in column (5), the sterling exchange rate index in column (6),
and all controls jointly in column (7). Three results stand out. First, the explanatory power
of the regressions rises substantially as controls are added, reaching 47 percent in column
(7). This confirms that the controls capture important variation in future inflation. Second,
the signs of the price gap coefficients remain broadly stable across specifications. This sug-
gests that no single control is driving the relationship. Third, and most importantly, the gap
moments are jointly significant at the 10 percent level in six of the seven specifications, with
a p-value of 0.14 in the remaining one.37

Taken together, these results show that the predictive content of the price gap distribution
extends beyond the three case studies and is robust to controlling for standard macroeco-
nomic observables. Having established this relationship in sample, we now turn to evaluat-
ing whether it translates into improved out-of-sample inflation forecasts.

5.3.2 Out-of-sample forecasting

We estimate equation (21) without controls at horizons h ∈ {12, 15, 18, 21, 24} months and
evaluate forecast performance for target dates from February 2016 to January 2026, rela-
tive to the widely used random-walk benchmark of Atkeson and Ohanian (2001). To assess
whether forecast performance differs across inflation environments, we also split the eval-
uation sample into two equal periods. In the first half, year-on-year inflation averaged 1.7
percent with a standard deviation of 0.9 percentage points; we label this the low-inflation
period. In the second half, inflation averaged 5 percent with a standard deviation of 3.1
percentage points; we label this the high inflation period.

A genuine out-of-sample exercise requires estimates of the price gap distribution that use
only information available at the time of the forecast. To construct these real-time estimates,
we treat completed and ongoing item-windows differently. For item-windows completed
by a given forecast date, we use their estimated gaps. When the forecast date falls within an
ongoing item-window, we instead filter the latent states using data only through that date,
while holding the item-specific model parameters fixed at their estimates from the most
recently completed window.38 This avoids repeatedly re-estimating the model as the current
window expands and, importantly, estimating window-specific parameters when only a
small portion of the window is available. Finally, we aggregate these item-level estimates to
construct the real-time moments of the price gap distribution used for forecasting.39

37Similar results hold at horizons of 6, 18, and 24 months. Results available upon request.
38Newly introduced items are excluded from the real-time aggregate until their first window is completed.
39For each horizon h, the forecast for the target date is formed at τ − h. To ensure a common set of target

dates across horizons, we estimate the regression coefficients using only observations whose inflation outcome

38



Table 7: RMSPE ratio: Price Gaps vs. Random-Walk

Horizon
OOS Forecast Evaluation Sample

Full sample Low inflation High inflation

12 0.92 1.13 0.91

15 0.78∗ 1.03 0.76∗

18 0.70∗∗ 0.92 0.68∗∗

21 0.65∗∗ 0.76∗ 0.64∗∗

24 0.63∗∗ 0.66∗ 0.63∗∗

Notes: RMSPE ratio of Price Gaps relative to the Random-Walk benchmark. Forecasts are of year-on-year
inflation h months ahead. Values below 1 indicate the competing model outperforms the benchmark. Full
sample: 2016m2–2026m1; Low inflation: 2016m2–2021m1; High inflation: 2021m2–2026m1. Diebold-Mariano
test of equal predictive accuracy with Newey-West HAC standard errors (lag = h). ∗ (∗∗) denotes rejection at
the 32% (10%) significance level.

Table 7 reports the ratio of the root mean squared prediction error (RMSPE) of the price-
gap forecast to that of the random-walk benchmark. Over the full evaluation sample, the
forecasting gains increase with the horizon, from an 8 percent reduction in RMSPE at 12
months to 37 percent at 24 months, with the gains statistically significant at the longer hori-
zons. The price-gap forecast also outperforms the benchmark in both inflation environ-
ments. During the high-inflation period, the reduction in RMSPE reaches 37 percent at 24
months. During the low-inflation period, gains emerge from 18 months onward, reaching
34 percent at 24 months, while the random-walk benchmark is harder to beat at shorter
horizons when inflation is stable.

Results are robust to alternative forecasting choices. Appendix Table A.6 shows that fore-
casting gains are similar when the target is quarterly inflation rather than year-on-year in-
flation, with average monthly inflation showing a similar pattern over the full sample and
high-inflation period. Appendix Table A.7 considers autoregressive benchmarks instead.
Relative to an autoregressive model with coefficients fixed at the beginning of the evalu-
ation sample, the price-gap forecast performs better at longer horizons in the full sample,
though the fixed benchmark is more competitive during the low-inflation period. The gains
are smaller relative to a recursively estimated autoregressive model, but the price-gap fore-
casts remain competitive and begin to outperform it at longer horizons. Finally, Appendix
Table A.8 shows that alternative measures constructed using only the estimated reset prices,
including reset price inflation as in Bils et al. (2012) and pricing-pressure indices in the spirit
of Caballero and Engel (2007), also outperform the random-walk benchmark.

is realized by the first forecast origin, February 2016 minus h months. The coefficients are then held fixed
throughout the evaluation period, while the real-time price gap moments are updated as new micro price data
become available.
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6 Conclusion

The cross-sectional distribution of price gaps is the key state variable of menu cost models,
but it is unobserved. This paper develops state-space methods that exploit the structure of
the Ss adjustment rule to recover the entire distribution from observed prices alone. Tak-
ing these methods to UK CPI microdata from 1996 to 2026, we find the economy spends
extended periods far from its ergodic distribution, and we show two ways in which this
matters for inflation dynamics. First, the distribution shapes the propagation of shocks: the
same monetary policy shock can generate very different price responses depending on the
distribution in place when it hits. Second, the distribution delivers prediction: gap moments
improve upon past inflation in-sample and outperform the standard past-inflation bench-
mark out-of-sample. Together, these results show that the price gap distribution contains
information about inflation dynamics that headline inflation alone cannot reveal.

Our findings point to several directions for future work. One is monetary policy. If the
same shock propagates differently depending on the distribution, then the state of price
gaps should matter for policy design. Our simple policy exercise points in this direction,
and characterizing the optimal full policy path and how the distribution should enter pol-
icy rules is a natural next step. The methodology itself also has broader reach. Nothing in
the state-space approach is specific to this simple pricing model. Within pricing, our algo-
rithm could be extended to richer menu cost models with aggregate uncertainty or strategic
complementarities. Beyond pricing, the same approach could be adapted to other settings
with lumpy adjustment and latent targets, such as investment, durable goods purchases,
and inventory management.
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flation Expectations and Monetary Policy Transmission.” Journal of Monetary Economics
118 15–31.

Faust, Jon, and Jonathan H. Wright. 2013. “Forecasting Inflation.” In Handbook of Economic
Forecasting, edited by Graham Elliott, and Allan Timmermann, Volume 2A. 2–56, Elsevier.
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Appendix to

Price Gaps and Inflation Dynamics
by Miguel Bandeira, Laura Castillo-Martı́nez and Shiyuan Wang

A Model Appendix

This appendix provides the theoretical foundations for the reduced-form model used in the
main text. Appendix A.1 presents the microfoundations: the household and firm problems,
the law of motion for the desired price, the firm’s pricing problem, and aggregation. Ap-
pendix A.2 establishes conditions under which the optimal pricing policy takes the Ss form.
Appendix A.3 maps the desired price notation used in Appendices A.1–A.2 to the reset price
notation used in the main text. Appendix A.4 describes the monetary policy exercise and
welfare criterion. Appendix A.5 provides the proof of Proposition 1.

Notation. Appendices A.1, A.2, and A.4 work with the desired price gap xi,t ≡ pi,t − p∗i,t,
where p∗i,t is the firm’s static profit-maximizing log price. The cross-sectional distribution of
xi,t is denoted Ht with density ht. Appendix A.3 establishes the connection to the reset price
gap si,t ≡ pi,t − pr

i,t and the distribution Gt used in the main text.

A.1 Microfoundations

Households. A representative household maximizes expected discounted lifetime utility:

E0

∞

∑
t=0

βt [log Ct − Nt] ,

where Ct is consumption, Nt is labor supply, and β ∈ (0, 1) is the discount factor. Consump-
tion is a CES aggregate of differentiated varieties:

Ct =

(∫ 1

0
ct(i)

ϵ−1
ϵ di

) ϵ
ϵ−1

,

where ϵ > 1 is the elasticity of substitution. The household faces a cash-in-advance con-
straint:

PtCt = Mt,

where Pt is the aggregate price index and Mt is aggregate nominal spending, which is con-
trolled by monetary policy.

The household’s optimality conditions yield a labor supply condition and a demand func-

45



tion for each variety:

Wt = Mt, (22)

ct(i) =
(

Pt(i)
Pt

)−ϵ

Ct, (23)

where (22) combines the intratemporal optimality condition Wt = PtCt with the cash-in-
advance constraint.

Firms. Each firm i ∈ [0, 1] produces a differentiated variety using labor with a linear tech-
nology:

yt(i) = At(i) · Nt(i),

where At(i) is firm productivity. It has an aggregate and an idiosyncratic component, log At(i) =
log At + log Ãt(i), both of which follow random walks:

log At = log At−1 + at, log Ãt(i) = log Ãt−1(i) + ai,t, ai,t
iid∼ N (0, σ2

a,t),

with at common across firms and ai,t independently distributed across firms and over time.
The volatility of idiosyncratic shocks σa,t is itself allowed to vary over time. The nominal
marginal cost of firm i is therefore:

MCt(i) =
Wt

At(i)
=

Mt

At(i)
,

where the second equality uses (22). The static profit-maximizing (desired) price is:

P∗
t (i) =

ϵ

ϵ − 1
· Mt

At(i)
, (24)

where ϵ/(ϵ − 1) is the constant desired markup over marginal cost.

Desired price dynamics. Taking logs of (24) and first-differencing yields:

p∗t (i)− p∗t−1(i) = ∆ log Mt − at − ai,t.

Define the common drift of the desired price as the growth in nominal spending net of ag-
gregate productivity growth, νt ≡ ∆ log Mt − at, and the reduced-form idiosyncratic shock
as εi,t ≡ −ai,t. Then the above equation becomes:

p∗t (i) = νt + p∗t−1(i) + εi,t, εi,t ∼ N (0, σ2
ε,t), (25)

where σε,t = σa,t.

The firm’s pricing problem. In each period, firm i chooses whether to adjust its price Pt(i),
trading off the gain from realigning with the desired price against the random menu cost.
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Using the demand function (23), the production technology, and the desired price (25), the
firm’s normalized real profit in period t can be decomposed as:

Πt(i)
PtCt

= Bt(i) · π̃(xi,t), (26)

where xi,t ≡ pi,t − p∗i,t is the desired price gap,

π̃(x) ≡ e(1−ϵ)x − 1
M e−ϵx (27)

is the profit expressed purely as a function of the gap with M ≡ ϵ/(ϵ − 1) denoting the
desired markup, and Bt(i) ≡ (P∗

t (i)/Pt)
1−ϵ > 0 is a time-varying weight that depends on

aggregate conditions and the firm’s idiosyncratic productivity but not on its pricing deci-
sion.40

Following Alvarez and Lippi (2014), we assume that the resource cost of price adjustment is
proportional to the firm’s desired profit π̃(0) · Bt(i) · PtCt =

1
ϵ Bt(i) · PtCt. The normalized

adjustment cost is therefore Bt(i) · ci,t, where ci,t ∈ {0, ĉ} with Pr(ci,t = 0) = λt.41

The firm minimizes expected discounted profit losses net of adjustment costs:

min
{xi,t}∞

t=0

E0

∞

∑
t=0

βt Bt(i)
[

L(xi,t) + ci,t · 1{xi,t ̸=xi,t−1−νt−εi,t}

]
, (28)

where L(x) ≡ π̃(0)− π̃(x) is the per-period profit loss from maintaining a desired price gap
x instead of the optimal gap 0.

Reduction to the quadratic formulation. By construction, x = 0 maximizes π̃, so π̃′(0) = 0.
A second-order Taylor expansion of the profit loss around the optimal gap gives:

L(x) = π̃(0)− π̃(x) ≈ ϵ − 1
2

x2. (29)

Substituting into (28), the firm’s problem becomes:

min
{xi,t}∞

t=0

E0

∞

∑
t=0

βt Bt(i)
[

ϵ − 1
2

x2
i,t + ci,t · 1{xi,t ̸=xi,t−1−νt−εi,t}

]
. (30)

To obtain the canonical quadratic pricing problem, we abstract from variation in the multi-
plicative scale factor Bt(i) across adjacent periods and approximate

Bt+1(i)
Bt(i)

≃ 1.

40The derivation of (26) proceeds by writing Pt(i)/Pt = (P∗
t (i)/Pt) exi,t , substituting into the profit expres-

sion, and using MCt(i) = P∗
t (i)/M to simplify.

41A similar scaling of fixed adjustment costs by firm size is standard in the lumpy investment literature
(Baley and Blanco, 2021).
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Dividing by Bt(i)(ϵ − 1) then yields a problem with flow loss 1
2 x2

i,t, menu cost c̄ ≡ ĉ/(ϵ − 1),
and discount factor β.

Bellman equation and Ss rule. Under this approximation, the rescaled value function Vt(x) ≡
Jt(x)/[Bt(i)(ϵ − 1)] satisfies

Vt(x) =
1
2

x2 + β Et

[
(1 − λt+1)min

(
Vt+1(x − νt+1 − ε), c̄ + min

x′
Vt+1(x′)

)
+ λt+1 min

x′
Vt+1(x′)

]
,

(31)
where ε ∼ N (0, σ2

ε,t+1). In a stationary environment with constant (νt, σε,t, λt), the value
function is time invariant.42

As discussed in Appendix A.2, the solution to (31) takes the form of an Ss rule: for each drift
νt, there exist thresholds xt < x∗t < x̄t such that the firm resets its desired price gap to x∗t
whenever it falls outside [xt, x̄t] or when adjustment is free.

Aggregation. Let Ht denote the cross-sectional distribution of desired price gaps xi,t ≡
pi,t − p∗i,t across firms, with density ht. Given the Ss pricing rule, Ht evolves according to:

Ht = T (Ht−1; νt, σε,t, xt, x̄t, x∗t ),

where T maps the distribution from period t − 1 to period t, given the drift, shock volatil-
ity, and the parameters of the pricing rule. The CES price index implies the consistency
condition:

1 =
∫ 1

0
Bt(i) e(1−ϵ)xi,t di,

where Bt(i) = (P∗
t (i)/Pt)1−ϵ is the firm-specific weight from (26). A first-order log-linearization

of the CES price index around the symmetric allocation gives

log Pt ≃
∫ 1

0
pi,t di.

Using
pi,t = p∗i,t + xi,t,

and the desired-price process in (25), aggregate inflation therefore satisfies, to first order,

πt ≡ ∆ log Pt ≃ νt +
∫ 1

0
(xi,t − xi,t−1) di,

where νt is the common drift of the desired price. Finally, the aggregate resource constraint
is:

Nt =
1
M

∫ 1

0
Bt(i) e−ϵxi,t di + ĉ

∫ 1

0
Bt(i) 1{ci,t=ĉ, adjust}(i) di,

42If changes in (νt, σε,t, λt) are unanticipated, the firm treats the current environment as permanent and the
time-invariant Bellman equation applies conditional on it. When the firm instead anticipates the future path
of these parameters, Vt is genuinely non-stationary; see the non-stationary case in Appendix A.2.
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where the first term is aggregate production labor and the second is the real resource cost
of price adjustment, with ĉ denoting the structural menu cost. The resource cost is incurred
only by firms that draw a positive menu cost (ci,t = ĉ, probability 1−λt) and whose gap falls
outside the inaction region; firms receiving free adjustment opportunities pay no resource
cost.

A.2 The Ss pricing rule

This appendix establishes conditions under which the optimal pricing policy for (31) takes
the Ss form. The argument follows the approach in Auclert et al. (2024) (Online Appendix B.2),
who prove the result analytically for ν = 0, and extends it to ν > 0 via a quasiconvexity con-
dition.

A.2.1 Stationary case

Consider the stationary version of (31) with constant drift ν and discount factor β:

V(x) =
1
2

x2 + β
{
(1 − λ)E

[
min

(
V(x − ν − ε), c̄ + V(x∗)

)]
+ λ V(x∗)

}
, (32)

where ε ∼ N(0, σ2
ε ) and x∗ = arg min V. The Bellman operator is a contraction (modulus β),

so V exists and is unique. Standard arguments yield the following properties:

(i) V(x) ≥ 1
2 x2 for all x, and V(x∗) ≤ β(1 − λ)c̄/(1 − β).

(ii) Setting M =
√

2c̄/(1 − β), the firm strictly prefers to adjust for |x| > M, so it suffices
to track V on [−M, M].

(iii) Since the expectation in (32) is a convolution with a Gaussian kernel, V is C∞ whenever
σε > 0.

(iv) Differentiating under the integral gives

V′(x) = x + β(1 − λ)
∫ x̄

x
V′(y) f (x − ν − y) dy, (33)

where f is the density of ε and [x, x̄] is the inaction set. Since the integral is bounded,
V′(x)/x → 1 as |x| → ∞, so V has at least one interior minimizer.

Quasiconvexity implies Ss. Say V is strictly quasiconvex if it has a unique minimizer x∗ and
is strictly decreasing on (−∞, x∗], strictly increasing on [x∗, ∞). If V is strictly quasiconvex,
then every sublevel set {x : V(x) ≤ c} is a closed interval. In particular, the inaction set
I = {x : V(x) ≤ c̄ + V(x∗)} is a closed interval [x, x̄] with x < x∗ < x̄ (since c̄ > 0). Outside
this interval the firm strictly prefers to pay c̄ and reset to the unique minimizer x∗; inside, it
weakly prefers inaction. This is the Ss rule.

Note that quasiconvexity is weaker than convexity: V can have V′′ < 0 near the thresholds,
as long as it remains monotone on each side of x∗.
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Verification. When ν = 0, Auclert et al. (2024) show that V is symmetric (V(x) = V(−x))
and V′(x) > 0 for x > 0, which gives strict quasiconvexity with x∗ = 0. When ν > 0,
symmetry breaks and the direct analytical proof is not available. Quasiconvexity can be
checked ex-post from the computed value function.

A.2.2 Non-stationary case

Under MIT shocks to (νt, σε,t, λt), the properties (i)–(iv) and the quasiconvexity-implies-Ss
argument apply to Vt at each date t, treating the continuation value Vt+1 as given and re-
placing (ν, σε, λ) with (νt+1, σε,t+1, λt+1). Hence the Ss structure holds at date t whenever Vt

is strictly quasiconvex.

If the shock is permanent, Vt is simply the stationary fixed point at the current environment,
and verification reduces to the stationary case. If the environment reverts along a deter-
ministic path, the firm anticipates future changes and Vt is genuinely non-stationary. In this
case Vt is obtained by backward induction from the terminal stationary solution V∞, and
quasiconvexity should be checked at each backward step.

A.3 Connection to the main text

The main text works with the reset price and the reset price gap, rather than the desired price
and its gap. This appendix establishes the mapping and derives equations (1)–(3) and (4) of
the main text.

Reset price. When a firm adjusts, it sets its desired price gap to the optimal reset point
x∗t ≡ arg min Vt, which is generically nonzero under positive drift, though quantitatively
small (x∗ ≈ 0.013 under the calibration in Table A.1). The price the firm chooses upon
adjustment is therefore pr

i,t ≡ p∗i,t + x∗t , which we call the reset price. First-differencing and
using (25):

pr
i,t − pr

i,t−1 = (νt + εi,t)︸ ︷︷ ︸
∆p∗i,t

+∆x∗t = µt + εi,t,

where
µt ≡ νt + ∆x∗t (34)

is the reset price drift—the drift used throughout the main text. This is equation (1). The
reset price drift µt differs from the desired price drift νt whenever the optimal reset point
x∗t changes. Under the unexpected one-off shocks considered in Figure 1, this change is
negligible, so that µt ≈ νt.

Reset-price gap and the firm’s problem. Define the reset price gap si,t ≡ pi,t − pr
i,t = xi,t − x∗t .

In the absence of adjustment, the gap evolves as:

sna
i,t = xi,t−1 − νt − εi,t︸ ︷︷ ︸

no-adjustment xi,t

− x∗t = si,t−1 + x∗t−1 − νt − εi,t − x∗t = si,t−1 − µt − εi,t,
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using xi,t−1 = si,t−1 + x∗t−1 and µt = νt + ∆x∗t . The flow loss in the rescaled problem trans-
forms as

1
2

x2
i,t =

1
2
(si,t + x∗t )

2 =
1
2

s2
i,t + x∗t si,t +

1
2
(x∗t )

2.

The final term is constant with respect to the firm’s pricing decision. For the reduced-form
representation used in the main text, we also neglect the linear term x∗t si,t, which is small un-
der our calibration (x∗t ≈ 0.013). This yields the centered quadratic loss 1

2 s2
i,t in equation (2).

Importantly, this approximation is not used to determine the reset point. By definition,
si,t ≡ xi,t − x∗t , so an adjustment to the optimal desired-price gap x∗t corresponds exactly to
resetting the reset-price gap to zero.

Ss rule. The Ss rule resets the desired-price gap to x∗t . Since si,t ≡ xi,t − x∗t , this corresponds
exactly to resetting the reset-price gap to zero: si,t = 0. The inaction region becomes [st, s̄t]

with
st ≡ xt − x∗t < 0 < x̄t − x∗t ≡ s̄t.

This is equation (3) in the main text.

Distribution. The cross-sectional distribution of reset price gaps, denoted Gt with density
gt in the main text, is Ht shifted by x∗t :

gt(s) = ht(s + x∗t ).

In particular, E[st] = E[xt]− x∗t and Var(st) = Var(xt).

Price misalignment. A second-order expansion of household welfare around the flexible
price allocation implies that the welfare loss associated with price misalignment is propor-
tional to 1

2 E[x2
i,t]. Using xi,t = si,t + x∗t and the fact that x∗t is small under our calibration, this

is well approximated by
1
2

E[s2
i,t] =

1
2

[
Var(si,t) + E[si,t]

2
]

,

which corresponds to equation (4) in the main text.

A.4 Monetary policy exercise

For the policy exercise, we abstract from firm-level variation in Bt(i) and set Bt(i) = Bt for
all firms. Let

Qt ≡
∫

e(1−ϵ)xdHt(x), Dt ≡
∫

e−ϵxdHt(x),

where Ht is the cross-sectional distribution of desired price gaps. The price-index condition
above then implies BtQt = 1, so Bt = Q−1

t .

We allow for a constant employment subsidy and define

κ ≡ ϵ

ϵ − 1
(1 − τ).
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Using the cash-in-advance constraint and normalizing aggregate productivity to one, aggre-
gate consumption and labor are

Ct =
Q1/(ϵ−1)

t
κ

, Nt =
Dt

κQt
+

ĉ
Qt

( ft − λ),

where ft is the fraction of firms that adjust and ĉ = (ϵ − 1)c̄ is the structural menu cost.
Period utility is therefore

ut = log Ct −
Dt

κQt
− ĉ

Qt
( ft − λ).

We choose the employment subsidy so that the consumption-production margin has no first-
order distortion at the calibrated ergodic steady state. This requires

κ =
D̄
Q̄

where bars denote values under the ergodic distribution.

The economy enters period t = 1 with initial distribution G0 and is hit by the one-off nom-
inal spending growth shock described in the main text. Nominal spending growth is pre-
determined at t = 1. After observing the shock, the central bank chooses its deviation from
baseline in period t = 2, which firms anticipate when making their t = 1 pricing decisions.
Nominal spending growth returns to baseline from t = 3 onward. For each G0, we choose
the period-2 intervention to maximize

∞

∑
t=1

βt−1ut,

subject to the firm’s pricing problem and the law of motion for the gap distribution.

A.5 Proof of Proposition 1

Proof. Part (i). Define
Bh ≡ [s + (h − 1)µ, s + hµ).

For 1 ≤ h ≤ |s|/µ, no firm adjusting after date t can reach the lower threshold a second
time within the relevant horizon: upon adjustment a firm resets its gap to zero, and from
there reaching s takes more than |s|/µ periods. A firm with gap s at date t that has not yet
adjusted has gap s − hµ at date t + h. It therefore crosses the lower threshold at t + h if and
only if

s − hµ < s ≤ s − (h − 1)µ,

or equivalently s ∈ Bh.

Upon adjustment, a firm with initial gap s ∈ Bh raises its price by hµ − s. Non-adjusting
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firms leave their prices unchanged. Hence aggregate inflation at t + h is

πt+h =
∫

Bh

(hµ − s) dGt(s).

If Gt admits a smooth density gt over Bh, the mass of firms in this band is∫
Bh

gt(s) ds = gt
(
s + (h − 1)µ

)
µ + O(µ2).

Moreover, for s ∈ Bh,
hµ − s = |s|+ O(µ).

Combining these expressions yields

πt+h = |s| µ gt
(
s + (h − 1)µ

)
+ O(µ2),

which proves (7).

Part (ii). Let
T ≡ s̄ − s

µ

denote the transit time across the inaction region, and fix K < T. Since

s̄ − Kµ > s,

we can choose two points

s < s1 < s2 < min{s + µ, s̄ − Kµ}.

Consider two economies with identical parameters whose gap distributions at date t − K
differ only in that the second relocates a small mass δ > 0 from s2 + Kµ to s1 + Kµ. The same
construction can be implemented over arbitrarily small neighborhoods of these points.

Over the following K periods, the gaps of the relocated firms drift deterministically from
sj + Kµ to sj, for j = 1, 2. By construction, they remain inside the inaction region throughout
and therefore never adjust. All other firms behave identically across the two economies. The
sequence of price adjustments, and hence aggregate inflation, is therefore identical over the
K-period window:

πt−k = π′
t−k, k = 0, . . . , K − 1.

Nevertheless, the gap distributions at date t differ, since the second economy has additional
mass at s1 and correspondingly less mass at s2.

Because s1 and s2 both lie in
B1 = [s, s + µ),
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both groups cross the lower threshold at t + 1. Their price increases, however, differ. The
mass relocated from s2 to s1 increases inflation at t + 1 by

π′
t+1 − πt+1 = δ

[
(µ − s1)− (µ − s2)

]
= δ(s2 − s1) > 0.

Thus the two economies have identical finite inflation histories but different current gap
distributions and different future inflation, proving part (ii).
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B State Space Methods Appendix

B.1 Forward Filtering Backward Sampling: Proof

Proof. We begin by establishing the conditional-independence properties implied by the
state-space representation, and then derive the forward-filtering and backward-sampling
recursions. To simplify notation, define

x−t ≡ {xi,t}i∈I−
W ,t

, x−t−1 ≡ {xi,t−1}i∈I−
W ,t

, p−
t−1 ≡ {pi,ti,W :t−1}i∈I−

W ,t
.

Conditional-independence properties. First, for price trajectories that continue from t − 1 to t,
the state transition density factorizes across i:

f (x−t | x−t−1, p−
t−1, θW) = ∏

i∈I−
W ,t

f (xi,t | xi,t−1, θW).

This follows from equations (10)–(11): conditional on its own lagged state and θW , the cur-
rent state of each price trajectory is independent of all other states and observed prices.
Second, the measurement density also factorizes across continuing price trajectories:

f ({pi,t}i∈I−
W ,t

| x−t , p−
t−1, θW) = ∏

i∈I−
W ,t

f (pi,t | xi,t, pi,t−1, θW).

This follows from equations (8)–(9), since conditional on xi,t, pi,t−1, and θW , the observed
price pi,t is independent of all other states and observed prices. Finally, the initial filtered
densities factorize across price trajectories:

f ({xi,ti,W}i∈IW | {pi,ti,W}i∈IW , θW) = ∏
i∈IW

f (xi,ti,W | pi,ti,W , θW),

by equation (12).

Forward filtering. Suppose that the filtered density factorizes at date t − 1. Then, for the
subset of price trajectories that continue to date t,

f (x−t−1 | p−
t−1, θW) = ∏

i∈I−
W ,t

f (xi,t−1 | pi,ti,W :t−1, θW).
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By the Chapman–Kolmogorov equation,

f (x−t | p−
t−1, θW) =

∫
f (x−t | x−t−1, p−

t−1, θW) f (x−t−1 | p−
t−1, θW) dx−t−1

= ∏
i∈I−

W ,t

∫
f (xi,t | xi,t−1, θW) f (xi,t−1 | pi,ti,W :t−1, θW) dxi,t−1

= ∏
i∈I−

W ,t

f (xi,t | pi,ti,W :t−1, θW). (35)

This establishes equation (14), with each factor given by the trajectory-level recursion in
equation (15). For the filtering update, Bayes’ rule gives

f (x−t | {pi,ti,W :t}i∈I−
W ,t

, θW) ∝ f ({pi,t}i∈I−
W ,t

| x−t , p−
t−1, θW) f (x−t | p−

t−1, θW)

= ∏
i∈I−

W ,t

f (pi,t | xi,t, pi,t−1, θW) f (xi,t | pi,ti,W :t−1, θW). (36)

Since the normalizing constant also factorizes across i, it follows that

f (x−t | {pi,ti,W :t}i∈I−
W ,t

, θW) = ∏
i∈I−

W ,t

f (xi,t | pi,ti,W :t, θW),

where each factor satisfies equation (16). To incorporate price trajectories whose first obser-
vation occurs at t, define

I0
W ,t ≡ IW ,t \ I−

W ,t.

For each i ∈ I0
W ,t, the filtered density is given by its initial filtered distribution,

f (xi,t | pi,t, θW).

By equation (12) and the conditional-independence properties established above, these den-
sities factorize across entering price trajectories and are independent of those for continuing
trajectories. Combining the two sets therefore gives

f ({xi,t}i∈IW ,t | {pi,ti,W :t}i∈IW ,t , θW) = ∏
i∈IW ,t

f (xi,t | pi,ti,W :t, θW).

Since the factorization holds at the initial observation of each price trajectory by equa-
tion (12), the result follows recursively for all dates, establishing equation (13).

Backward sampling. Conditional on the observed prices, the posterior kernel for the complete
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latent-state trajectories can be written as

f (xW | pW , θW) ∝ ∏
i∈IW

[
f (xi,ti,W | pi,ti,W , θW)

×
t̄i,W

∏
t=ti,W+1

f (xi,t | xi,t−1, θW) f (pi,t | xi,t, pi,t−1, θW)

]
. (37)

The first factor is the initial filtered density, while the remaining factors are the state transi-
tion and measurement densities. Since the right-hand side is a product across price trajecto-
ries, its normalizing constant also factorizes across i. Hence,

f (xW | pW , θW) = ∏
i∈IW

f (xi,W | pi,W , θW),

which establishes equation (17). For a given price trajectory i, apply the chain rule backward:

f (xi,W | pi,W , θW) = f (xi,t̄i,W | pi,W , θW)×
t̄i,W−1

∏
t=ti,W

f (xi,t | xi,t+1:t̄i,W , pi,W , θW). (38)

By the Markov property of the latent states and the conditional independence of future
observed prices,

f (xi,t | xi,t+1:t̄i,W , pi,W , θW) = f (xi,t | xi,t+1, pi,ti,W :t, θW),

which establishes equation (18). Finally, by Bayes’ rule,

f (xi,t | xi,t+1, pi,ti,W :t, θW) =
f (xi,t+1 | xi,t, pi,ti,W :t, θW) f (xi,t | pi,ti,W :t, θW)

f (xi,t+1 | pi,ti,W :t, θW)
. (39)

The state transition equations imply

f (xi,t+1 | xi,t, pi,ti,W :t, θW) = f (xi,t+1 | xi,t, θW).

Since the denominator does not depend on xi,t,

f (xi,t | xi,t+1, pi,ti,W :t, θW) ∝ f (xi,t+1 | xi,t, θW) f (xi,t | pi,ti,W :t, θW),

which establishes equation (19). Equations (15)–(16) and (18)–(19) are the trajectory-level
forward-filtering and backward-sampling recursions used by the FFBS algorithm.
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B.2 Grid-based FFBS

This appendix provides the full grid-based FFBS algorithm used to sample the latent states
conditional on the state-space parameters and observed prices. By Lemma 1, the filtering
and smoothing distributions factorize across price trajectories. We therefore describe the
algorithm for a single price trajectory i, with the same procedure applied independently to
each i ∈ IW .

Grids. For each price trajectory i, denote by

p t
i,W ≡ {pi,τ : τ ∈ Ti,W , τ ⩽ t}

the observed price history through date t ∈ Ti,W .

For a given grid rule r, define the grid function Gr(p t
i,W , θW ; t) as

Gr(p t
i,W , θW ; t) =




gr(pi,t − s̄W , pi,t − ¯

sW , nr) 0nr

pi,t 1

pi,t 0

 if t = ti,W

[
gr(pi,t − s̄W , pi,t − ¯

sW , nr) 0nr

]
if t > ti,W and ∆pi,t = 0

pi,t 0

pi,t 1

 if t > ti,W and − ∆pi,t /∈ [
¯
sW , s̄W ]

[
pi,t 1

]
if t > ti,W , −∆pi,t ∈ [

¯
sW , s̄W ] and ∆pi,t ̸= 0.

(40)

where gr(a, b, nr) denotes an nr × 1 vector of grid points on [a, b] constructed according to
grid rule r.

Define the associated weight function Wr(p t
i,W , θW ; t) as
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Wr(p t
i,W , θW ; t) =




wr(pi,t − s̄W , pi,t − ¯

sW , nr)

1

1

 if t = ti,W

wr(pi,t − s̄W , pi,t − ¯
sW , nr) if t > ti,W and ∆pi,t = 0

1

1

 if t > ti,W and − ∆pi,t /∈ [
¯
sW , s̄W ]

1 if t > ti,W , −∆pi,t ∈ [
¯
sW , s̄W ] and ∆pi,t ̸= 0.

(41)

where wr(a, b, nr) denotes an nr × 1 vector of weights associated with the grid points gr(a, b, nr)

under grid rule r. For FFBS purposes, we consider two grid rules, r ∈ {GL, ES}.43 Under
the Gauss–Legendre rule, gGL contains the Gauss–Legendre nodes on [a, b] and wGL the
associated quadrature weights. Under the equally spaced rule, gES contains nES equally
spaced points on [a, b] and wES = 1nES .44 For notational convenience, we henceforth write
Gr

i,t ≡ Gr(p t
i,W , θW ; t) and Wr

i,t ≡ Wr(p t
i,W , θW ; t).

Initialization and transition matrices. Before describing the FFBS recursions, we define the
initial filtered distribution and the transition matrices used to propagate probability mass
across grid points. For each grid rule r, define Fr

i,t ≡ Fr(p t
i,W , θW ; t) as the filtered distribution

at time t evaluated on the grid Gr(p t
i,W , θW ; t), with its j-th element corresponding to the j-th

grid point. At the initial date, the prior in Table 1 implies

Fr(p
ti,W
i,W , θW ; ti,W) =



(1 − κ0)

Z r 1nr

κ0 ω0

κ0 (1 − ω0)


, (42)

where ZGL = s̄W −
¯
sW and ZES = nES.

43The two grids serve different purposes. The Gauss–Legendre grid provides an accurate numerical approx-
imation to the integrals in the forward-filtering recursion, while the equally spaced grid provides a convenient
discrete representation of the filtered distribution for backward sampling.

44In the baseline implementation, we use 10 Gauss–Legendre nodes. For the equally spaced grid, we target
a spacing of 0.002 in logs and choose the number of nodes so that the grid spans the relevant interval exactly,
including both endpoints. To limit computational burden, we cap the equally spaced grid at 4,001 points. If
this cap would be exceeded, the target spacing is increased in multiples of 0.002 until the cap is satisfied, up to
a maximum target spacing of 0.05.

59



We next define the state transition matrix used in the filtering and backward-sampling re-
cursions. For any two collections of state points Gr1 and Gr2 , let B(Gr1 , Gr2 , θW) denote the
state transition matrix, with (j, k)th element

[
B(Gr1 , Gr2 , θW)

]
jk = f

(
xi,t = Gr1(j, ·) | xi,t−1 = Gr2(k, ·); θW

)
. (43)

Given the baseline state transition equations (10) and (11),

pr
i,t | pr

i,t−1, θW ∼ N
(

pr
i,t−1 + µW , σ2

ε,W

)
, ℓi,t | θW ∼ B(λW).

Hence, the state transition matrix is given by

[
B(Gr1 , Gr2 , θW)

]
jk = ϕ

(
[Gr1 ]j,1; [Gr2 ]k,1 + µW , σ2

ε,W
)
λ
[Gr1 ]j,2
W (1 − λW)

1−[Gr1 ]j,2 , (44)

where ϕ(·; m, v) denotes the normal density with mean m and variance v.

Grid-based FFBS algorithm. To draw x∗i,W from f (xi,W | pi,W , θW), proceed as follows.

1. Forward filtering. Starting from the initial condition in (42), solve recursively for the
sequence of filtered distributions on the Gauss–Legendre grids using

FGL
i,t =

B(GGL
i,t , GGL

i,t−1, θW)
(
WGL

i,t−1 ⊙ FGL
i,t−1

)(
WGL

i,t
)′B(GGL

i,t , GGL
i,t−1, θW)

(
WGL

i,t−1 ⊙ FGL
i,t−1

) for t > ti,W . (45)

where ⊙ denotes the Hadamard product. Next, solve for the sequence of filtered dis-
tributions on the equally spaced grids using

FES
i,t =

B(GES
i,t , GGL

i,t−1, θW)
(
WGL

i,t−1 ⊙ FGL
i,t−1

)(
WES

i,t
)′B(GES

i,t , GGL
i,t−1, θW)

(
WGL

i,t−1 ⊙ FGL
i,t−1

) for t > ti,W . (46)

2. Backward sampling. Draw the terminal state as

x∗i,t̄i,W
= GES

i,t̄i,W

(
j∗t̄i,W

, ·
)

where j∗t̄i,W
∼ Categorical

(
FES

i,t̄i,W

)
. (47)

Then, recursively for t = t̄i,W − 1, . . . , ti,W , compute

SES
i,t
(
x∗i,t+1

)
=

B(x∗i,t+1, GES
i,t , θW)′ ⊙ FES

i,t

1′
[
B(x∗i,t+1, GES

i,t , θW)′ ⊙ FES
i,t
] , (48)

and draw
x∗i,t = GES

i,t
(

j∗t , ·
)

where j∗t ∼ Categorical
(
SES

i,t (x
∗
i,t+1)

)
. (49)
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Price trajectories spanning multiple windows. The algorithm above describes the case in
which a price trajectory begins within W , so that the forward filter is initialized using the
prior distribution in Table 1. For price trajectories that continue from a preceding window,
we instead initialize the latent state at t = ti,W − 1 using a distribution degenerate at the
posterior mean of the terminal latent state estimated in the preceding window.45 In this case,
the initial grid contains only this state, with associated weight and filtered probability both
equal to one. Starting from this alternative initial condition, the forward-filtering recursions
in (45) and (46) proceed for t ⩾

¯
ti,W and the backward-sampling recursions in (47)–(49)

proceed unchanged.

B.3 Full Gibbs Sampler

Let ΘW ≡ {θW , xW} collect the state-space parameters and latent states. This appendix
provides the Gibbs sampling algorithm used to draw from the joint posterior f (ΘW | pW).
Let m = 1, . . . , M index Gibbs draws, and denote the mth draw by Θ

(m)
W .

1. Initial draws. Initialize the parameters and latent states as follows:46

(a) Inaction thresholds: For b ∈ {L, U}, define

DL = {|∆pi,t| : ∆pi,t > 0}, DU = {|∆pi,t| : ∆pi,t < 0}.

Partition each Db into histogram intervals Hb,j = [hb,j, hb,j+1), and let Hb,j denote
the number of observations in Hb,j.47 Define

j∗b = arg max
j

{Hb,j+1 − Hb,j}.

Initialize

¯
s(1)W = −

∑x∈DL
x 1{x ∈ HL,j∗L+1}

∑x∈DL
1{x ∈ HL,j∗L+1}

, s̄(1)W =
∑x∈DU

x 1{x ∈ HU,j∗U+1}
∑x∈DU

1{x ∈ HU,j∗U+1}
.

(b) Reset-price drift: For each price trajectory i, let

τi,1 < τi,2 < · · · < τi,Ji

45The posterior mean of ℓi,t need not be binary. This does not affect the recursion because ℓi,t−1 does not
enter the state transition density: pr

i,t depends only on pr
i,t−1, while ℓi,t is drawn independently from B(λW).

46When a data-driven initial value cannot be computed because the relevant sample information is insuffi-
cient or degenerate, we use a deterministic fallback value. For the inaction thresholds and reset-price drift, this
is the corresponding prior mean. For the reset-price standard deviation, we use the value implied by the prior
mean of the precision. If either inaction threshold cannot be initialized from the data, we instead initialize the
free-adjustment probability at 0.6 times the observed frequency of price changes.

47For each b ∈ {L, U}, let Nb = |Db| and Mb = min{Nb, max{30, ⌈
√

Nb⌉}}. We set the bin width to hb =
max{0.01, (maxDb −minDb)/Mb} and construct the bin edges in increments of hb, starting at ⌊minDb/hb⌋hb
and ending at ⌈maxDb/hb⌉hb.
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denote the dates at which the observed price changes. For j = 2, . . . , Ji, define

∆psp
i,j = pi,τi,j − pi,τi,j−1 , di,j = τi,j − τi,j−1.

Then set

µ
(1)
W =

1
Nsp

∑
i

Ji

∑
j=2

∆psp
i,j

di,j
, Nsp = ∑

i
(Ji − 1).

(c) Reset-price standard deviation: Using the same complete price spells, set

σ
(1)
ε,W =

 1
Nsp − 1 ∑

i

Ji

∑
j=2

∆psp
i,j − µ

(1)
W di,j√

di,j

− ε̄

2


1/2

,

where

ε̄ =
1

Nsp
∑

i

Ji

∑
j=2

∆psp
i,j − µ

(1)
W di,j√

di,j

.

(d) Free-adjustment probability: Using
¯
s(1)W and s̄(1)W , define

nin = ∑
i,t
1
{

∆pi,t ̸= 0, −s̄(1)W ⩽ ∆pi,t ⩽ −
¯
s(1)W

}
,

nout = ∑
i,t
1
{

∆pi,t ̸= 0, ∆pi,t < −s̄(1)W or ∆pi,t > −
¯
s(1)W

}
.

Initialize λ
(1)
W with the sample analogue of the Bernoulli probability of a free ad-

justment opportunity,
λ
(1)
W =

nin

nvalid − nout
,

where nvalid is the number of observations for which ∆pi,t is defined.

(e) Latent states: Initialize the latent states as

pr(1)
i,t = pi,t,

and, whenever ∆pi,t is defined,

ℓ
(1)
i,t = 1

{
∆pi,t ̸= 0, −s̄(1)W ⩽ ∆pi,t ⩽ −

¯
s(1)W

}
.

For observations for which ∆pi,t is not defined, set ℓ(1)i,t = 0.

2. Subsequent draws. For m > 1, draw parameters and latent states from their full
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conditional distributions as follows:

(a) Reset-price drift and standard deviation: Define

∆pr(m−1)
i,t ≡ pr(m−1)

i,t − pr(m−1)
i,t−1 , t > ti,W ,

and let y(m−1) collect all ∆pr(m−1)
i,t across i ∈ IW and t > ti,W , stacked vertically.

Then
y(m−1) = X(m−1)µW + ε, ε ∼ N

(
0, σ2

ε,WI
)

.

Here, X(m−1) = 1. Given the prior µW ∼ N (m0
µ, v0

µ), draw

µ
(m)
W | σ

(m−1)
ε,W , λ

(m−1)
W ,

¯
s(m−1)
W , s̄(m−1)

W , x(m−1)
W , pW ∼ N

(
m(m)

µ,post, v(m)
µ,post

)
,

where

v(m)
µ,post =

[
X(m−1)′X(m−1)(

σ
(m−1)
ε,W

)2 +
1
v0

µ

]−1

,

and

m(m)
µ,post = v(m)

µ,post

[
m0

µ

v0
µ
+

X(m−1)′y(m−1)(
σ
(m−1)
ε,W

)2

]
.

Next, define γW ≡ σ−2
ε,W . Given the prior γW ∼ G(s0

σ, r0
σ), draw

γ
(m)
W | µ

(m)
W , λ

(m−1)
W ,

¯
s(m−1)
W , s̄(m−1)

W , x(m−1)
W , pW ∼ G

(
s(m)

σ,post, r(m)
σ,post

)
,

where
s(m)

σ,post = s0
σ +

nreg

2
,

and
r(m)

σ,post = r0
σ +

1
2

(
y(m−1) − X(m−1)µ

(m)
W

)′ (
y(m−1) − X(m−1)µ

(m)
W

)
,

with nreg denoting the number of observations in y(m−1). Finally, set

σ
(m)
ε,W =

(
γ
(m)
W

)−1/2.

(b) Free-adjustment probability: Given the prior λW ∼ B(s0
1,λ, s0

2,λ), draw

λ
(m)
W | µ

(m)
W , σ

(m)
ε,W ,

¯
s(m−1)
W , s̄(m−1)

W , x(m−1)
W , pW ∼ B

(
s(m)

1,λ,post, s(m)
2,λ,post

)
,

where
s(m)

1,λ,post = s0
1,λ + ∑

i∈IW
∑

t∈Ti,W

ℓ
(m−1)
i,t ,
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and
s(m)

2,λ,post = s0
2,λ + ∑

i∈IW
∑

t∈Ti,W

(
1 − ℓ

(m−1)
i,t

)
.

(c) Inaction thresholds and latent states: Draw from

f
(
¯
sW , s̄W , xW | µ

(m)
W , σ

(m)
ε,W , λ

(m)
W , pW

)
using a Metropolis–Hastings step as follows:

- Draw the candidate lower threshold

¯
s∗W ∼ T N

(
¯
s(m−1)
W ,

(
σ
(m)

¯
s,prop

)2;
¯
s0

LB,W ,
¯
s0

UB,W

)
,

where T N (µ, σ2; a, b) denotes a normal distribution with mean µ and vari-
ance σ2, truncated to [a, b].

- Draw the candidate upper threshold

s̄∗W ∼ T N
(

s̄(m−1)
W ,

(
σ
(m)
s̄,prop

)2; s̄0
LB,W , s̄0

UB,W

)
.

Denote the corresponding proposal densities by q(m)

¯
s and q(m)

s̄ , respectively.

- Draw the candidate latent states x∗W by drawing, independently for each i ∈
IW ,

x∗i,W ∼ f
(

xi,W | pi,W , µ
(m)
W , σ

(m)
ε,W , λ

(m)
W ,

¯
s∗W , s̄∗W

)
using the grid-based FFBS algorithm in Appendix B.2.

- Compute the Metropolis–Hastings acceptance probability

α(m) = min

{
1,

L∗
W

L(m−1)
W

f (
¯
s∗W)

f (
¯
s(m−1)
W )

f (s̄∗W)

f (s̄(m−1)
W )

q(m)

¯
s

(
¯
s(m−1)
W |

¯
s∗W

)
q(m)

¯
s

(
¯
s∗W |

¯
s(m−1)
W

) q(m)
s̄

(
s̄(m−1)
W | s̄∗W

)
q(m)

s̄
(
s̄∗W | s̄(m−1)

W

)
}

,

where
L∗

W ≡ f
(
pW | µ

(m)
W , σ

(m)
ε,W , λ

(m)
W ,

¯
s∗W , s̄∗W

)
,

and
L(m−1)

W ≡ f
(
pW | µ

(m)
W , σ

(m)
ε,W , λ

(m)
W ,

¯
s(m−1)
W , s̄(m−1)

W

)
denote the marginal likelihoods evaluated at the candidate and current thresh-
olds, respectively.48

48Because the latent-state proposal is the conditional smoothing distribution generated by FFBS, its den-
sity appears in both the target ratio and the reverse-to-forward proposal ratio and cancels, leaving only the
marginal likelihood, threshold priors, and threshold proposal densities in the acceptance probability.

64



For any
θW =

{
µ
(m)
W , σ

(m)
ε,W , λ

(m)
W ,

¯
sW , s̄W

}
,

define the forward-filter normalizing constant

Zi,t(θW) ≡
(
WGL

i,t
)′B(GGL

i,t , GGL
i,t−1, θW

)(
WGL

i,t−1 ⊙ FGL
i,t−1

)
,

which is the normalizing constant in (45). Under the grid approximation, the
corresponding marginal likelihood is

logLW
(
¯
sW , s̄W

)
= ∑

i∈IW
∑

t>ti,W

log Zi,t(θW).

Evaluating this expression at
(
¯
s∗W , s̄∗W

)
and at

(
¯
s(m−1)
W , s̄(m−1)

W

)
gives L∗

W and

L(m−1)
W , respectively.49

- Draw u(m) ∼ U (0, 1).

- If u(m) ⩽ α(m), accept and set
(
¯
s(m)
W , s̄(m)

W , x(m)
W

)
=

(
¯
s∗W , s̄∗W , x∗W

)
.

- Otherwise, reject and set
(
¯
s(m)
W , s̄(m)

W , x(m)
W

)
=

(
¯
s(m−1)
W , s̄(m−1)

W , x(m−1)
W

)
.

3. Iteration. Repeat Steps 2(a)–2(c) until m = M.50

Proposal fine-tuning. We adapt the standard deviations of the truncated-normal propos-
als during burn-in using a Robbins–Monro stochastic approximation (Robbins and Monro,
1951). We initialize the proposal standard deviations as

σ
(m)

¯
s,prop = 0.025

(
¯
s0

UB,W −
¯
s0

LB,W

)
, σ

(m)
s̄,prop = 0.025

(
s̄0

UB,W − s̄0
LB,W

)
during the initial exploration period of 500 draws. Thereafter, adaptation proceeds in win-
dows of 50 draws. Let α̂j denote the Metropolis–Hastings acceptance rate in adaptation
window j, and let k j denote the common scaling factor applied to both proposal standard
deviations, with k1 = 1. At the end of each adaptation window, update

log k j+1 = log k j + 0.5
(
α̂j − 0.33

)
,

and, for each Gibbs draw m in the following adaptation window, set

σ
(m)

¯
s,prop = k j+10.025

(
¯
s0

UB,W −
¯
s0

LB,W

)
, σ

(m)
s̄,prop = k j+10.025

(
s̄0

UB,W − s̄0
LB,W

)
.

49For a price trajectory that continues from a preceding window, so that the state at ti,W − 1 is supplied as
an initial condition, the corresponding inner sum instead runs over t ⩾ ti,W .

50We use 8,001 Gibbs draws in total, discard the first 3,001 as burn-in, and retain the remaining 5,000 draws
for posterior inference.
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We target an acceptance rate of 0.33, which lies between the commonly used optimal-scaling
benchmarks of approximately 0.234 for high-dimensional and 0.44 for univariate Gaussian
random-walk Metropolis proposals (Roberts et al., 1997; Roberts and Rosenthal, 2001). We
use 50 adaptation windows, so that proposal fine-tuning ends with the burn-in period. The
proposal distributions are then held fixed at their final tuned values for all retained posterior
draws.

B.4 Extensions to alternative reset-price processes

The baseline algorithm can be extended to accommodate more general reset-price processes.
In particular, the reset-price transition in equation (10) can be replaced by

pr
i,t = ρW pr

i,t−1 + z′i,tβW + εi,t,

where zi,t may include a constant, observed exogenous covariates that may be individual-
specific or aggregate, and known transformations of these variables. The process for εi,t can
also be replaced by a mixture of normal distributions, so that

εi,t | qi,t = k ∼ N (0, σ2
k,W), k ∈ {1, 2},

with
Pr(qi,t = 1) = ωW , Pr(qi,t = 2) = 1 − ωW .

This specification allows for fat-tailed idiosyncratic shocks, as in Karadi and Reiff (2019).
As in the baseline specification, innovations and mixture indicators are independent across
price trajectories and time. Relative to the baseline specification, the parameters governing
the reset-price process, {µW , σε,W}, are now replaced by

ϑW = {ρW , βW , σ1,W , σ2,W , ωW} .

Note that the baseline reset-price process in equation (10) is nested within this specification
by setting zi,t = 1, βW = µW , ρW = 1, ωW = 1, and σ1,W = σε,W .

FFBS algorithm. Accommodating this more general reset-price process requires only mod-
ifying the transition probabilities entering the matrix B. In particular, equation (44) is re-
placed by

[
B(Gr1 , Gr2 , θW , zi,t)

]
jk =

[
ωWϕ

(
[Gr1 ]j,1; ρW [Gr2 ]k,1 + z′i,tβW , σ2

1,W
)

+ (1 − ωW)ϕ
(
[Gr1 ]j,1; ρW [Gr2 ]k,1 + z′i,tβW , σ2

2,W
)]

× λ
[Gr1 ]j,2
W (1 − λW)

1−[Gr1 ]j,2 . (50)
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Thus, the forward-filtering and backward-sampling recursions remain unchanged, with the
transition probabilities in (50) replacing those in (44). Because the reset-price process re-
mains first-order Markov and the covariates in zi,t are observed, this extension does not
increase the dimension of the latent state or the grids used by the FFBS algorithm.

Gibbs sampler. The parameters of the generalized reset-price process can be sampled using
conditionally conjugate updates. Define

β̃W ≡

ρW

βW

 , z̃i,t ≡

pr
i,t−1

zi,t

 ,

so that
pr

i,t = z̃′i,t β̃W + εi,t.

Let γk,W ≡ σ−2
k,W for k ∈ {1, 2}, and impose the conjugate priors51,52

β̃W ∼ N (m0
β, V0

β), γk,W ∼ G(s0
σ,k, r0

σ,k), k ∈ {1, 2}, ωW ∼ B(s0
1,ω, s0

2,ω).

Step 2(a) of the baseline Gibbs sampler is then replaced by the following draws:

1. Mixture indicators. For each i ∈ IW and t > ti,W , draw

q(m)
i,t | β̃

(m−1)
W , σ

(m−1)
1,W , σ

(m−1)
2,W , ω

(m−1)
W , x(m−1)

W ∼ Categorical
(

π
(m)
i,t,1, π

(m)
i,t,2

)
,

where, for k ∈ {1, 2},

π
(m)
i,t,k =

ω
(m−1)
k,W ϕ

(
pr(m−1)

i,t ; z̃(m−1)′
i,t β̃

(m−1)
W ,

(
σ
(m−1)
k,W

)2
)

2

∑
ℓ=1

ω
(m−1)
ℓ,W ϕ

(
pr(m−1)

i,t ; z̃(m−1)′
i,t β̃

(m−1)
W ,

(
σ
(m−1)
ℓ,W

)2
) ,

with ω1,W ≡ ωW and ω2,W ≡ 1 − ωW . Define

n(m)
k = ∑

i∈IW
∑

t>ti,W

1{q(m)
i,t = k}, k ∈ {1, 2}.

2. Reset-price coefficients. Conditional on the mixture indicators, draw

β̃
(m)
W | q(m)

W , γ
(m−1)
1,W , γ

(m−1)
2,W , x(m−1)

W ∼ N
(

m(m)
β , V(m)

β

)
,

51In line with the weakly informative priors in Table 1, we set m0
β = 0, V0

β = 102I, s0
σ,k = r0

σ,k = 10−3 for

k ∈ {1, 2}, and s0
1,ω = s0

2,ω = 1.
52The two mixture components are observationally equivalent up to relabeling. We therefore use exchange-

able priors across components and relabel each draw, when necessary, so that σ1,W < σ2,W , with the corre-
sponding relabeling of the mixture indicators and replacement of ωW by 1 − ωW .
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where

V(m)
β =

[
(V0

β)
−1 + ∑

i∈IW
∑

t>ti,W

γ
(m−1)

q(m)
i,t ,W

z̃(m−1)
i,t z̃(m−1)′

i,t

]−1

,

and

m(m)
β = V(m)

β

[
(V0

β)
−1m0

β + ∑
i∈IW

∑
t>ti,W

γ
(m−1)

q(m)
i,t ,W

z̃(m−1)
i,t pr(m−1)

i,t

]
.

3. Mixture standard deviations. For each k ∈ {1, 2}, define

SSR(m)
k,W = ∑

i∈IW
∑

t>ti,W

1{q(m)
i,t = k}

[
pr(m−1)

i,t − z̃(m−1)′
i,t β̃

(m)
W

]2
.

Then draw

γ
(m)
k,W | β̃

(m)
W , q(m)

W , x(m−1)
W ∼ G

s0
σ,k +

n(m)
k
2

, r0
σ,k +

SSR(m)
k,W

2

 ,

and set
σ
(m)
k,W =

(
γ
(m)
k,W

)−1/2
.

4. Mixture probability. Draw

ω
(m)
W | q(m)

W ∼ B
(

s0
1,ω + n(m)

1 , s0
2,ω + n(m)

2

)
.

Conditional on the mixture indicators, the generalized reset-price process reduces to a het-
eroskedastic Gaussian regression, so all parameter updates remain available in closed form.

B.5 Additional Monte Carlo Results

This appendix reports additional results from the Monte Carlo exercise in Section 3.3. We
first examine post-estimation diagnostics for the Gibbs sampler and then assess estimator
performance under alternative data-generating processes.

Post-estimation diagnostics. Table A.2 reports post-burn-in diagnostics for the Gibbs sam-
pler. Panel (a) shows that the Metropolis–Hastings acceptance rate averages about 34 per-
cent for both T = 12 and T = 24, close to the 33 percent target, with relatively little variation
across replications. This confirms that the proposal fine-tuning procedure reliably brings
acceptance rates close to their target. Panel (b) reports the Monte Carlo standard error of the
posterior mean for each parameter. These errors are small for all parameters and generally
decline with the length of the panel, indicating that simulation error in the posterior means
is negligible and that the retained draws provide sufficient effective sample sizes. These di-
agnostics complement the negligible bias and high precision documented in Section 3.3 by
showing that the sampler also performs well numerically.
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Alternative data-generating processes. We next assess estimator performance under cali-
brations closer to the menu-cost and Calvo extremes, where the relative scarcity of different
types of price changes may make the inaction thresholds harder to identify. Starting from the
baseline calibration, we vary only the probability of a free adjustment opportunity, λ, while
holding the remaining parameters fixed. The Low Calvoness calibration sets λ = 0.25%,
generating a degree of Calvoness of approximately 5 percent, so that very few observed
price changes occur from within the inaction region. The High Calvoness calibration in-
stead sets λ = 32.63%, five times its baseline value, generating a degree of Calvoness of
approximately 95 percent and leaving relatively few price changes triggered by crossing the
inaction thresholds.

Table A.3 reports the bias of posterior mean estimates under these two data-generating
processes. For each calibration, we report results both when all parameters are estimated
jointly (Full) and when the inaction bands are fixed at their true values (Fixed). The latter
provides a direct check on whether difficulty estimating the bands is responsible for any de-
terioration in the recovery of the remaining parameters and latent price gaps. Bias remains
small in both environments. Under Low Calvoness, the aggregate price-gap moments and
most parameters are recovered with negligible bias. The free adjustment probability (λ) ex-
hibits a larger relative bias because its true value is close to zero, but this error remains small
in absolute terms (+0.20 percentage points) and does not distort the aggregate moments.
Under High Calvoness, the bias in the estimated inaction thresholds increases somewhat,
as expected given the scarcity of threshold-triggered price changes, but remains small in
absolute terms. Fixing the bands has little effect on the biases of the remaining parameters
or the moments of the price-gap distribution. In particular, the mean, standard deviation,
skewness, and kurtosis of price gaps remain accurately recovered in both calibrations. These
results indicate that the estimator continues to perform well even when the data-generating
process lies close to either pricing extreme.
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C Data Appendix

C.1 Data cleaning: product substitutions, sales, outliers and quote-line gaps

The model in Section 2 does not feature sales or product substitutions and, hence, the state-
space representation above should be interpreted as a data generating process for regular
prices. To ensure consistency between the model and the data, we remove product substitu-
tions and temporary sales from the data in order to obtain quote-lines of regular prices.

Product substitutions. For each outlet where prices are collected, price collectors begin by
selecting a single product - among those that match the item’s specification - that best reflects
what consumers typically purchase in that area. Once selected, the same product is priced
each month at that outlet. However, substitutions are necessary if the original product is
no longer available or if its physical characteristics, such as weight or size, change. In such
cases, the price collector flags the quote accordingly. We use these flags to identify product
substitutions.

Product sales. The prices collected by the price collectors are shelf prices, meaning they may
reflect temporary sales at the time of collection. If a price is affected by a sale, it is flagged
using a sales indicator. We use these sales flags to construct quote-lines of regular prices.
First, we treat any price not flagged as a sale as the regular price for that period. Second,
if a price is flagged as a sale, we use the most recent regular price observed before the sale.
If no such prior regular price exists, we use the first regular price observed after the sale.
Third, if no regular prices are observed either before or after the sale, we treat the quote-line
as composed exclusively of sale prices and exclude it from the sample.

Outliers. After cleaning the data for product substitutions and sales, we remove price changes
for which the absolute log price change is smaller than 0.01 or larger than 2.

Quote-line gaps. Following these cleaning steps, quote-lines may contain gaps because a
price quote failed ONS internal validation, because of a product substitution, or because an
outlier price change was removed. Since our estimation is applied to price trajectories of
contiguous observations, we split quote-lines at each such gap into separate segments of
contiguous regular-price observations. We then exclude any resulting singleton quote-lines
from the sample.

C.2 Estimation windows

This appendix details the construction of the item-windows used in the estimation of Sec-
tion 4. For item j, let

p j = {pi,t : i ∈ Ij, t ∈ Ti}

denote the collection of observed prices belonging to the item, and let tj and t̄j denote
the first and last dates at which the item appears in the sample. We partition the interval
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{tj, . . . , t̄j} sequentially into non-overlapping estimation windows

Tj,k = {tj,k, . . . , t̄j,k}, k = 1, . . . , Kj.

Window construction. Set tj,1 = tj. For each window k, let τ
(0)
j,k denote the first January strictly

following tj,k.53 Define the sequence of candidate endpoints by

τ
(r)
j,k = τ

(0)
j,k + 12r, r = 0, 1, 2, . . . ,

where additions are measured in months. For each candidate endpoint τ
(r)
j,k , let N+

j,k(r) and
N−

j,k(r) denote the number of positive and negative price changes, respectively, between tj,k

and τ
(r)
j,k , excluding price changes recorded in the first month of the window. We set

r∗j,k = min
{

r ⩾ 0 : N+
j,k(r) ⩾ 10, N−

j,k(r) ⩾ 10
}

,

and, whenever τ
(r∗j,k)
j,k ⩽ t̄j, set

t̄j,k = τ
(r∗j,k)
j,k .

The next window begins in the following month,

tj,k+1 = t̄j,k + 1.

Since non-terminal windows end in January, subsequent windows begin in February. If the
item exits the sample before another candidate window satisfies both thresholds, the final
window ends at t̄j. Price changes recorded in the first month of each window are excluded
from the counts because they reflect adjustments relative to prices observed in the preceding
window and could otherwise generate windows containing very little information about the
adjustment thresholds.

Terminal windows. If the final window contains at least ten positive and ten negative price
changes, it is estimated in the same way as all preceding windows. Otherwise, we do not
re-estimate the state-space parameters. Instead, we fix them at the posterior means from the
item’s most recent estimable window and run only the forward-filtering backward-sampling
step to recover the latent states.

The resulting windows are overwhelmingly annual: across the 1,337 items we obtain 15,664
item-windows, 88 percent of which span exactly twelve months. For the 151 terminal win-
dows that do not satisfy the minimum-price-change requirement, fewer than 1 percent of the
total, parameters are held fixed as described above and only the latent states are recovered.

53We align windows with January and February because the ONS typically updates the set of items collected
at the start of the year. In our data, most items that enter the sample do so in February, while most items that
exit do so in January.
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C.3 Macroeconomic Data

All macroeconomic data used in Section 5 are described in Table A.4.

C.4 Reset-price inflation and pricing-pressure indices

This appendix describes the construction of two alternative measures based on the estimated
reset prices that we use in the forecasting exercise as alternatives to the moments of the price-
gap distribution: reset-price inflation and pricing-pressure indices.

Reset-price inflation. To construct reset-price inflation in the spirit of Bils et al. (2012), we
adapt the methodology used to construct the official CPI, as described in Office for National
Statistics (2019), replacing observed prices with estimated reset prices.

Elementary aggregates. The lowest level at which individual price quotes are aggregated is
the stratum. We define a stratum as a unique combination of an item and its applicable
stratification dimensions. Depending on the item, these dimensions are region, shop type,
both region and shop type, or neither.54 Within each stratum, the CPI primarily aggregates
individual price relatives using the geometric mean, or Jevons formula. We apply the same
aggregation to changes in estimated reset prices. In particular, let Is,t|t−1 denote the set of
quote-lines in stratum s for which reset prices are available in both t − 1 and t. The month-
on-month reset-price elementary aggregate is

I r
s,t|t−1 = exp

 1
Ns,t|t−1

∑
i∈Is,t|t−1

∆ p̂ r
i,t

 , (51)

where Ns,t|t−1 is the corresponding number of matched quotes, incorporating the ONS cen-
tral shop weights as replication factors, and ∆ p̂ r

i,t is the estimated change in the reset price
of quote-line i.55 We use the previous month as the base period and chain-link the resulting
elementary aggregates over time.56

Aggregation. We aggregate the reset-price elementary indices following the same hierarchy
and weights used for observed prices. Elementary aggregates are first combined using stra-
tum weights to obtain item-level indices. Item-level indices are then aggregated using the
corresponding CPI expenditure weights to obtain COICOP indices and, ultimately, an ag-
gregate reset-price index. Reset-price inflation is computed from this aggregate index in the
same way as observed CPI inflation.

54There are 12 regions and two shop types: multiple retailers, defined as those with 10 or more outlets, and
independent retailers, defined as those with fewer than 10 outlets.

55For the forecasting exercises, ∆ p̂ r
i,t is computed using only information available through date t, using the

corresponding real-time reset-price vintages.
56This differs from the construction of the published CPI, which generally uses the previous January as the

base period. Because quote-lines are split at product substitutions and outlier price changes, some observations
do not have a corresponding reset price in the previous January. Using January as the base would therefore
require either assigning a base-period reset price or dropping these observations. We instead use the previous
month as the base period and chain-link the indices over time.

72



Pricing-pressure indices. Our second alternative measure is inspired by the generalized-Ss
framework of Caballero and Engel (2007), in which aggregate price adjustment is obtained
by integrating price gaps against their adjustment hazard and cross-sectional distribution.
We adapt this idea to our estimated model by evaluating the implied adjustment hazard over
the one-period-ahead predictive distribution of the counterfactual price gap. For quote-line
i, let s̃i,t+1 denote the counterfactual gap at t + 1 if the price is not adjusted. Conditional on
information at t,

s̃i,t+1 = si,t − µ − εi,t+1, s̃i,t+1 | Ft ∼ N (mi,t, σ2
ε ), mi,t ≡ si,t − µ. (52)

To simplify notation, define ai,t ≡ (
¯
s − mi,t)/σε and bi,t ≡ (s̄ − mi,t)/σε, and let ϕ(·) and Φ(·)

denote the standard normal density and distribution functions, respectively. The expected
price adjustment can then be decomposed into three components:

PPL
i,t = −mi,tΦ(ai,t) + σεϕ(ai,t), (53)

PPC
i,t = λ [−mi,t{Φ(bi,t)− Φ(ai,t)}+ σε{ϕ(bi,t)− ϕ(ai,t)}] , (54)

PPU
i,t = −mi,t{1 − Φ(bi,t)} − σεϕ(bi,t), (55)

corresponding, respectively, to upward adjustment below the lower threshold, free adjust-
ment inside the inaction region, and downward adjustment above the upper threshold. The
lower-threshold component is weakly positive, the upper-threshold component is weakly
negative, and the interior component can have either sign.57

Aggregation. We aggregate each component to the economy-wide level using the combined
CPI weights for each quote-line. Let wi,t denote the product of the corresponding shop,
stratum, and item weights. For k ∈ {L, C, U}, the aggregate pricing-pressure index is

PPk
t =

∑i wi,tPPk
i,t

∑i wi,t
. (56)

These three aggregate components are the pricing-pressure measures used in the forecasting
exercise.

57For the forecasting exercises, all inputs are constructed using only information available through date t.
The price gap si,t is taken from the corresponding real-time vintage, while µ, σε, λ,

¯
s, and s̄ are set to their

estimates from the most recently completed estimation window available at t.
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D Additional Figures

Figure A.1: Amplification ratio under volatility-shock backgrounds

Notes: Analogous to the right panel of Figure 1, but with distributions displaced by persistent perturbations
to idiosyncratic volatility σε rather than to the drift. Each dot represents a distribution sampled at a different
point along the transition back to the steady state. The x-axis plots the variance Var(st). The y-axis plots the
net amplification ratio: impact excess inflation minus the no-shock counterfactual, normalized by the ergodic
response. The star marks the ergodic distribution. Same calibration as Figure 1.
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Figure A.2: Cross-sectional distribution of estimated parameters over time

Notes: Each plot shows the cross-sectional distribution of one estimated parameter over time. Parameters
are estimated at the item-window level and held constant within each window; only windows for which both
states and parameters are estimated are considered. The solid line is the cross-sectional median and the shaded
area the interquartile range (p25–p75).
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Figure A.3: Aggregate price gap moments over time with posterior uncertainty

Notes: Each panel plots the CPI-weighted aggregate price gap moment over time, standardized by subtracting
the draw-specific time-series mean and dividing by the draw-specific time-series standard deviation. The solid
line is the posterior mean across draws. The dark shaded band is the 68% posterior credible interval and the
light shaded band is the 90% posterior credible interval.
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Figure A.4: Lewis and Mertens (2026) weak-IV diagnostic

(a) Monetary policy (b) Oil prices

Notes: The solid line plots the Lewis and Mertens (2026) gmin statistic across horizons h. Dashed lines show
critical values at a 10% significance level for two identification-robustness levels τ. Panel (a): changes in 1y
gilts, instrumented with target, path, and QE surprises from Braun et al. (2025); dashed lines at τ = 30%
(upper) and τ = 40% (lower). Panel (b): changes in WTI oil price, instrumented with oil supply news shocks
from Känzig (2021); dashed lines at τ = 10% (upper) and τ = 20% (lower).
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Figure A.5: Price gap moments and the transmission of a monetary tightening

Notes: Impulse response estimates from (20), with ∆xt equal to the change in the 1y Gilt and the instrument set
given by the target, path, and QE factors from Braun et al. (2025). The first plot depicts the impulse response
evaluated at the cross-sectional long-run means of all four moments (baseline effect). Each subsequent plot
shows the incremental response when the respective moment increases by one standard deviation above its
mean, holding all other moments fixed. All responses are scaled to a 25 bps increase in the 1y Gilt. Shaded
areas denote 68% and 90% confidence intervals using conventional inference. Solid (hollow) circles indicate
significance at the 10% (32%) level under Andrews (2018) identification-robust inference.
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Figure A.6: Price gap moments and the transmission of a monetary easing

Notes: Impulse response estimates from (20), with ∆xt equal to the change in the 1y Gilt and the instrument set
given by the target, path, and QE factors from Braun et al. (2025). The first plot depicts the impulse response
evaluated at the cross-sectional long-run means of all four moments (baseline effect). Each subsequent plot
shows the incremental response when the respective moment increases by one standard deviation above its
mean, holding all other moments fixed. All responses are scaled to a 25 bps decrease in the 1y Gilt. Shaded
areas denote 68% and 90% confidence intervals using conventional inference. Solid (hollow) circles indicate
significance at the 10% (32%) level under Andrews (2018) identification-robust inference.
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Figure A.7: Hypothesis tests for state-dependent transmission

(a) Monetary policy (b) Oil prices

Notes: Each row reports p-values (in percent) across horizons h for one of three tests from (20): first row for no
mean asymmetry (H0 : β+

h = β−
h ), second row for no skewness asymmetry (H0 : ζ+h = ζ−h ), and third row for

no state dependence (H0 : all six interaction coefficients equal to zero). Dashed lines mark the 32% and 10%
significance levels. Panel (a) uses the 1y Gilt instrumented with target, path, and QE factors from Braun et al.
(2025). Panel (b) uses Oil prices instrumented with oil supply news shocks from Känzig (2021). Solid (hollow)
circles indicate significance at the 10% (32%) level under Andrews (2018) identification-robust inference.
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Figure A.8: Responses to a monetary easing selected dates

Notes: The left column plots the estimated impulse response of cumulative inflation to a 25 bps decrease in the
1y Gilt rate from (20), with ∆xt equal to the change in the 1y Gilt instrumented by the target, path, and QE
factors from Braun et al. (2025). The grey line with shaded bands is the response evaluated at the benchmark
distribution (March 2024); the black line is the response evaluated at the alternative date (September 2007,
April 2014, and October 2021 in rows 1, 2, and 3, respectively). The right column plots the difference between
the impulse response at the alternative date and at the benchmark date, with shaded areas denoting the 68%
and 90% confidence bands. A white (black) filled circle indicates that the difference is statistically significant
at the 32% (10%) level.
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Figure A.9: Price gap moments and the transmission of an oil price increase

Notes: Impulse response estimates from (20), with ∆xt equal to the log change in oil prices and the instrument
given by oil supply news shocks from Känzig (2021). The first plot depicts the impulse response evaluated at
the cross-sectional long-run means of all four moments (baseline effect). Each subsequent plot shows the in-
cremental response when the respective moment increases by one standard deviation above its mean, holding
all other moments fixed. All responses are scaled to a 10% increase in oil prices. Shaded areas denote 68% and
90% confidence intervals using conventional inference. Solid (hollow) circles indicate significance at the 10%
(32%) level under Andrews (2018) identification-robust inference.
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Figure A.10: Price gap moments and the transmission of an oil price decrease

Notes: Impulse response estimates from (20), with ∆xt equal to the log change in oil prices and the instrument
given by oil supply news shocks from Känzig (2021). The first plot depicts the impulse response evaluated at
the cross-sectional long-run means of all four moments (baseline effect). Each subsequent plot shows the in-
cremental response when the respective moment increases by one standard deviation above its mean, holding
all other moments fixed. All responses are scaled to a 10% decrease in oil prices. Shaded areas denote 68% and
90% confidence intervals using conventional inference. Solid (hollow) circles indicate significance at the 10%
(32%) level under Andrews (2018) identification-robust inference.
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Figure A.11: Responses to an oil price decrease at selected dates

Notes: The left column plots the estimated impulse response of cumulative inflation to a 10% decrease in
oil prices from (20), with ∆xt equal to the log change in oil prices instrumented by oil supply news shocks
from Känzig (2021). The grey line with shaded bands is the response evaluated at the benchmark distribution
(March 2024); the black line is the response evaluated at the alternative date (September 2007, April 2014, and
October 2021 in rows 1, 2, and 3, respectively). The right column plots the difference between the impulse
response at the alternative date and at the benchmark date, with shaded areas denoting the 68% and 90%
confidence bands. A white (black) filled circle indicates that the difference is statistically significant at the 32%
(10%) level.
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Figure A.12: Time-varying oil price passthrough at the 2-year horizon

Notes: The figure plots the estimated cumulative inflation passthrough to oil price shocks 24 months ahead,
relative to the benchmark distribution (2024m3). The grey line (left axis) and the black line (right axis) show
the passthrough for a 10% increase and decrease in oil prices, respectively. Both series are normalised to 1
at 2024m3 (vertical dashed line): values above 1 indicate a larger-than-reference passthrough, values below
1 a smaller one. The passthrough is set to zero before normalisation if the estimated response to a positive
oil price increase is negative, or the response to a negative oil price increase is positive. The passthrough is
estimated based on coefficients from (20) with ∆xt equal to the log change in oil prices and the instrument
given by oil supply news shocks from Känzig (2021) and the standardized moments of the aggregate price
gaps distribution over time.
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E Additional Tables

Table A.1: Calibration for Simulated Illustrations

Parameter Description Value Source Data Model

(a) Parameters set externally

β Discount factor (monthly) 0.9966 Nakamura and Steinsson (2010)

µ Steady-state drift (monthly) 0.0028 Nakamura and Steinsson (2010)

ϵ Demand elasticity 4 Nakamura and Steinsson (2010)

(b) Parameters calibrated internally

σε Idiosyncratic shock s.d. 0.039 Freq. of price change 8.7% 8.71%

λ Free adjustment probability 0.065 Share of free adjustments 75% 74.95%

c̄ Menu cost (normalized) 0.090 Median |∆p| 8.5% 8.49%

(c) Implied Ss rule

¯
s Lower threshold −0.202

s̄ Upper threshold 0.189

Notes: Target moments are from Nakamura and Steinsson (2010). The free adjustment probability λ is pinned
directly by the free adjustment share, λ = 0.75 × 0.087; σε and c̄ are jointly calibrated to match the remaining
two target moments. The Ss rule parameters are obtained from the firm’s optimal policy given the structural
parameters. Thresholds are expressed in terms of the reset price gap.
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Table A.2: Monte Carlo Post-Estimation Diagnostics

T = 12 T = 24

Average Minimum Maximum Average Minimum Maximum

(a) Post-burn-in acceptance rate

Accept. rate 34.08 27.24 41.62 34.28 28.14 41.88

(b) MCSE of Posterior Mean

¯
s 0.01 0.00 0.11 0.00 0.00 0.04

s̄ 0.01 0.00 0.13 0.01 0.00 0.05

µ 0.00 0.00 0.01 0.00 0.00 0.00

σe 0.02 0.01 0.02 0.01 0.01 0.01

λ 0.01 0.01 0.01 0.00 0.00 0.01

Notes: Monte Carlo averages over 1,000 replications. Each Monte Carlo replication is a balanced panel of 300
quote-lines and T = 12 or T = 24 periods. Panel (a) reports the post-burn-in Metropolis–Hastings (MH)
acceptance rate in percent; the algorithm targets a rate of 33%. Panel (b) reports the Monte Carlo standard
error (MCSE) of the posterior mean for each structural parameter, defined as the posterior standard deviation
divided by the square root of the effective sample size (ESS). All values in Panel (b) are in percentage points.
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Table A.3: Monte Carlo Results: Low Calvoness vs. High Calvoness

Low Calvoness High Calvoness

True Full Fixed True Full Fixed

(a) Parameters

¯
s -20.18 -0.00 0.00 -20.18 -0.28 0.00

s̄ 18.90 0.01 0.00 18.90 0.14 0.00

µ 0.28 -0.06 -0.06 0.28 -0.06 -0.05

σe 3.85 0.03 0.04 3.85 0.11 0.12

λ 0.25 0.20 0.20 32.63 -0.93 -1.00

(b) Cross-sectional moments of price gaps∗

Mean -0.89 -0.04 -0.05 -0.42 0.00 0.01

Std Dev 9.15 -0.03 -0.04 6.04 -0.15 -0.18

Skewness 0.02 -0.02 -0.02 -0.16 -0.01 -0.00

Kurtosis 2.29 0.03 0.03 4.47 0.24 0.20

Calvoness 4.90 0.08 -0.00 94.90 0.25 0.00

Notes: The “True” column reports DGP parameter values in Panel (a) and cross-sectional price gap moments
(including zeros) and Calvoness averaged over time periods and across replications in Panel (b). The Full and
Fixed columns report the mean bias of the posterior mean across 1,000 replications, averaging first over time
periods within each replication for Panel (b). “Full” refers to estimation with all parameters free; “Fixed” refers
to estimation with inaction bands (

¯
s and s̄) fixed at their true DGP values. The Low Calvoness calibration sets

λ = 0.25% to yield an approximate Calvoness of 5%; the High Calvoness calibration sets λ = 32.63% (five times
the baseline calibration value) to yield an approximate Calvoness of 95%, where Calvoness is the share of price
changes with size within the inaction band. The remaining parameters are kept at their baseline calibration
values. True values are in percent, except skewness and kurtosis which are scale-free. All Full and Fixed
columns are in percentage points, except for skewness and kurtosis which are scale-free. Each replication is a
balanced panel of 300 quote-lines with T = 12 periods. ∗ The average correlation between estimated (posterior
mean) and true individual price gaps is 0.58 (Full) and 0.58 (Fixed) for the Low Calvoness DGP, and 0.79 (Full)
and 0.79 (Fixed) for the High Calvoness DGP.
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Table A.4: Description, Sources, and Coverage of Macro Data

Variable Source Sample

(a) Price variables

1-year Gilt yield (percent)a BoE 1996m1–2026m1

WTI crude oil spot price (WTISPLC) FRED 1996m1–2026m1

Class level COICOP price indices ONS 1996m1–2026m1

Aggregate UK CPI index ONS 1996m1–2026m1

(b) Other macroeconomic variables

Real GDP index ONS 1997m1–2026m1

Sterling effective exchange rate index ONS 1997m1–2026m1

Unemployment rate (percent) ONS 1996m1–2026m1

Corporate bond option-adjusted spreadsb BoE & Datastream 1997m1–2026m1

FTSE All-Share index Datastream 1997m1–2026m1

(c) Shocks

UK monetary policy target, path, and QE surprisesc Braun et al. (2025) 1997m6–2026m1

Oil supply news shock Känzig (2021) 1975m1–2025m12

Notes: The Sample column reports the observations used in our analysis after merging each series with the
relevant estimation sample.
a The 1-year Gilt yield is constructed as the monthly average of the daily 1-year nominal spot rate from the
Bank of England government liability yield curve.
b The corporate bond spread series equals the BoE Millennium M11 option-adjusted spread on sterling in-
dustrial corporates (AAA–BBB) through November 2010, and the iBoxx GBP Non-Financials OAS (Refinitiv
Datastream: .IBBGB0188OAS) from December 2010 onwards, with the join date and level shifts chosen to min-
imise the squared level discontinuity between the two series at the splice point, weighted by the number of
observations on each side.
c The target, path, and QE surprises are aggregated from event to monthly frequency using triangular weights
that account for the timing of events within the month. All events in the Braun et al. (2025) Factors dataset are
included.

89



Table A.5: Price Gap Moments: Summary Statistics and Selected Episodes

Mean Std. dev. Skewness Kurtosis

(a) Descriptive statistics

Mean 7.61 19.00 0.49 5.59

Median 6.53 18.96 0.54 5.57

Standard deviation 3.94 2.87 0.39 1.66

Minimum 2.53 11.18 -0.38 3.17

Maximum 14.63 26.50 1.73 13.20

(b) Raw price gap moments at selected dates

Sep 2007 4.38 17.45 0.15 7.29

Apr 2014 13.36 22.18 0.73 3.87

Oct 2021 9.89 20.45 0.56 3.93

Mar 2024 (benchmark) 8.81 17.34 0.51 5.14

(c) Standardized price gap moments at selected dates

Sep 2007 -0.82 -0.54 -0.87 1.02

Apr 2014 1.46 1.11 0.62 -1.04

Oct 2021 0.58 0.51 0.18 -1.00

Mar 2024 (benchmark) 0.30 -0.58 0.06 -0.27

Notes: Mean, standard deviation, skewness, and kurtosis of the aggregate price gap distribution. Panel (a)
reports summary statistics over the full sample. Panels (b) and (c) report raw and standardized moments, re-
spectively, at four selected dates. Three dates fall one year before inflation extremes: September 2007 precedes
the pre-pandemic peak, October 2021 precedes the overall maximum, and April 2014 precedes the sample min-
imum in year-on-year inflation. The benchmark (March 2024) is the date that minimizes the sum of squares
of standardized moments subject to 12 months ahead being within the sample. In panel (c), each moment is
standardized by subtracting its full-sample mean and dividing by its full-sample standard deviation.
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Table A.6: Price Gaps vs. Random-Walk: Alternative Inflation Metrics

Horizon
OOS Forecast Evaluation Sample

Full sample Low inflation High inflation

(a) Average monthly inflation rate, t to t + h

3 1.17∗ 1.13∗ 1.17∗

6 1.15 1.10 1.16

9 1.03 1.10 1.02

12 0.92 1.13 0.91

15 0.84∗ 1.18 0.81∗

18 0.78∗ 1.22 0.73∗∗

21 0.73∗∗ 1.17 0.68∗∗

24 0.69∗∗ 1.11 0.64∗∗

(b) Quarterly inflation rate at t + h

3 1.17∗ 1.13∗ 1.17∗

6 1.03 0.99 1.03

9 0.90 0.88 0.91

12 0.84∗ 0.78∗ 0.84∗

15 0.77∗∗ 0.80∗ 0.77∗∗

18 0.73∗∗ 0.86 0.71∗∗

21 0.72∗∗ 0.74∗∗ 0.72∗∗

24 0.75∗∗ 0.70∗∗ 0.75∗∗

Notes: RMSPE ratio of Price Gaps relative to the random-walk benchmark, adapted to match each inflation
metric. Panel (a) forecasts the average monthly inflation rate between t and t+ h; the random-walk benchmark
is the average monthly inflation rate over the previous 12 months. Panel (b) forecasts the quarterly inflation
rate at t + h; the random-walk benchmark is the average quarterly inflation rate over the previous four non-
overlapping quarters. Values below 1 indicate the competing model outperforms the benchmark. Full sample:
2016m2–2026m1; Low inflation: 2016m2–2021m1; High inflation: 2021m2–2026m1. Diebold-Mariano test of
equal predictive accuracy with Newey-West HAC standard errors (lag = h). ∗ (∗∗) denotes rejection at the 32%
(10%) significance level.
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Table A.7: Price Gaps vs. Alternative Benchmarks

Horizon
OOS Forecast Evaluation Sample

Full sample Low inflation High inflation

(a) Benchmark: fixed coefficients AR

12 1.09 1.49∗ 1.06

15 0.96 1.38∗ 0.92

18 0.85∗ 1.20 0.82∗∗

21 0.81∗∗ 1.01 0.80∗∗

24 0.82∗∗ 0.92 0.81∗∗

(b) Benchmark: recursively estimated AR

12 1.04 1.09 1.04

15 1.02 0.95 1.02

18 1.01 0.89 1.02

21 0.98 0.86∗ 0.99

24 0.95∗ 0.91∗ 0.95∗

Notes: RMSPE ratio of Price Gaps relative to alternative benchmarks. Forecasts are of year-on-year inflation h
months ahead. AR benchmark π

y
t+h = α + β π

y
t + εt; panel (a) uses fixed coefficients, panel (b) recursively re-

estimated at each forecast origin. Values below 1 indicate the competing model outperforms the benchmark.
Full sample: 2016m2–2026m1; Low inflation: 2016m2–2021m1; High inflation: 2021m2–2026m1. Diebold-
Mariano test of equal predictive accuracy with Newey-West HAC standard errors (lag = h). ∗ (∗∗) denotes
rejection at the 32% (10%) significance level.

92



Table A.8: Alternative Predictors vs. Random-Walk

Horizon
OOS Forecast Evaluation Sample

Full sample Low inflation High inflation

(a) Reset inflation

12 0.88 0.74∗ 0.89

15 0.80∗ 0.69∗ 0.81∗

18 0.76∗∗ 0.67∗∗ 0.76∗∗

21 0.73∗∗ 0.65∗∗ 0.73∗∗

24 0.70∗∗ 0.63∗∗ 0.71∗∗

(b) Pricing-pressure indices

12 0.88 0.79 0.89

15 0.76∗ 0.72∗ 0.76∗

18 0.69∗∗ 0.67∗ 0.69∗∗

21 0.67∗∗ 0.61∗∗ 0.67∗∗

24 0.67∗∗ 0.56∗∗ 0.67∗∗

Notes: RMSPE ratios relative to the random-walk benchmark. Panel (a) uses reset-price inflation as the predic-
tor, while Panel (b) uses the pricing-pressure indices. Both measures are described in Appendix C.4. Forecasts
are of year-on-year inflation h months ahead. The random-walk benchmark is the year-on-year inflation rate
at t. Values below 1 indicate that the competing model outperforms the benchmark. Full sample: 2016m2–
2026m1; Low inflation: 2016m2–2021m1; High inflation: 2021m2–2026m1. Diebold-Mariano test of equal pre-
dictive accuracy with Newey-West HAC standard errors (lag = h). ∗ (∗∗) denotes rejection at the 32% (10%)
significance level.
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