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2000) and broad financial conditions (Caballero and Simsek, 2024).

The remainder of the paper is organized as follows. In Section 2, the model is formalized. In

Section 3, the empirical validation is presented. In Section 4, the underlying mechanisms that drive

these results are described in detail. Finally, in Section 5, the conclusions of this study are discussed.

2 Model

To study how informational frictions shape aggregate pricing behavior, we build a partial-equilibrium

model of a small open economy that is subject to exogenous, unobserved demand shocks. Firms op-

erate in a dynamically complete market but face a pervasive informational friction: they cannot fully

resolve uncertainty about the latent economic state in real time. Because time continuously elapses

between discrete information releases, firms must form both low-frequency forecasts (to identify persis-

tent trends) and high-frequency nowcasts (to monitor contemporaneous conditions). This interaction

generates a real-options pricing problem that endogenizes nominal rigidities.

Throughout the paper, we use the subscript s ∈ [0, 1] ⊂ R to denote continuous time within a

period and the subscript t ∈ N to index discrete periods. We denote unobserved variables with a circle

superscript (̊⋅) and the estimates of firms with a hat superscript (̂⋅).

2.1 Environment

The economy is populated by j ∈ J firms (∣J ∣ = N). The firms react to exogenous aggregate excess

demand, denoted by m̊s, which evolves continuously as a Brownian motion with an unobserved, time-

varying drift µ̊m,s and volatility σ̊m,s:

dm̊s = µ̊m,sds + σ̊m,sdWs . (1)

The true level of aggregate excess demand, m̊s, is revealed to the public only at discrete intervals at

the end of each period (where mt = m̊s at s = 0 or s = 1).

In the interim, each firm j observes an idiosyncratic, high-frequency demand signal daj
s, which is a

noisy, scaled derivative of aggregate demand:

daj
s = ξm̊sds + σadV j

s . (2)
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where ξ represents a scaling parameter, σa represents the standard deviation of the increments of the

signal, and dV j
s represents a firm-specific standard Wiener process. This formulation captures the

microeconomic reality of retail environments: the localized demand of a firm fluctuates continuously

because of idiosyncratic factors (e.g., consumer awareness, regional demographics, and travel costs),

thereby producing a noisy signal of broader aggregate conditions.

Consistent with our partial equilibrium approach, we assume that the central bank sets the nominal

interest rate, it, which in turn influences the medium- to long-term trajectory of the economy. We

refrain from imposing a specific structural transmission mechanism that maps it to the aggregate

demand. Instead, from the perspective of the firm, the resulting drift in the excess demand evolves as

an exogenous stochastic process:

dµ̊m = µ̊µ,sdt + σ̊µ,sdWµ,s . (3)

where the component µ̊µ,s captures the influence of the underlying policy stance and macroeconomic

trends, whereas σ̊µ,sdWµ,s represents exogenous macroeconomic noise that is outside the control of the

central bank. Because the aggregate state is revealed only discretely, firms face a continuous signal-

extraction problem. They can never perfectly distinguish whether an observed shift in the environment

originated from a persistent change in monetary policy transmission (µ̊µ,s) or from transitory noise

shocks (dWµ,s). Consequently, monetary policy generates ’long and variable lags’ (Friedman, 1961)

that depend endogenously on how firms interpret and react to this informational friction.

Finally, inflation is defined as the arithmetic average of past log price changes, namely, πt = ∑j∈J pj
t −

pj
t−1, where lowercase letters denote natural logarithms. Like excess demand, inflation becomes public

information only at the end of the period.

2.2 Information Frictions and Expectation Formation

Firms continually receive signals about the economy and respond by forming plans (forecasting) and

assessing whether current conditions remain consistent with those plans (nowcasting). These two pre-

dictive exercises differ fundamentally in their temporal resolution and objectives. Forecasting involves

the use of historical, low-frequency data to identify persistent trends, with higher variance accepted in

exchange for lower bias over long horizons. Nowcasting, in contrast, involves the use of contemporane-

ous, high-frequency signals to track the current, unobserved state, which necessitates a high sensitivity
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to transitory fluctuations (trading variance for bias). Crucially, a forecast must be established first to

serve as the anchor that makes high-frequency nowcasts interpretable.

2.2.1 Forecasting Medium-Term Trends

At the beginning of each period, firms estimate the expected drift of excess demand (µ̂π̂) to establish

their medium-term pricing strategies. They use a discrete-time Kalman filter and two backward-

looking signals: the realized inflation rate πt (which summarizes the actions of competitors) and the

central bank’s policy stance mt.

Firms extract information from the changes in these series (∆πt and ∆mt), weight them by their

estimated variance and noise, and construct a fused observation of excess demand. This fused signal

serves as the input to update the expected drift:

Kt =
σ2

π̂,t−1

σ2
π̂,t−1 + ct

, µ̂π̂,t = µ̂π̂,t−1 + Kt(µ̂π̂,t−1 − µ̂π̂,t) , (4)

where ct denotes the observed mean-square error (MSE). This discrete forecast establishes a baseline

trend for the upcoming period.1

2.2.2 Nowcasting the Contemporaneous State

With a forecast in place, firms monitor real-time conditions. Drawing on the results of Ji et al.,

2020, firms use a continuous-time Kalman filter to update their estimates of the current state, driven

by the noisy, high-frequency signal daj
s. Replacing unobserved structural parameters with their own

estimates, the predictive system of the firms is governed by the following:

dπ̂j
s = µ̂π̂ds + γj

sξ
dÎj

s

σ2
a

γj
s

ds
= −(γj

s)2 ξ2

σ2
a

+ 2ασ̂m,5,tξγj
s + σ̂2

π,t ,

(5)

where γs represents the expected MSE, dÎj
s = daj

s − ξπ̂ds represents the innovation process, α ∈ [−1, 1]

represents an estimated covariance parameter, and σ̂m,5,t represents the estimated variance of excess

demand from recent monthly observations.2

To summarize the setup of the model, we present a schematic overview in Figure 1. We explain
1Additional details are provided in the appendix A.1.
2Additional details are provided in the appendix A.2.
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Figure 1: Model Overview
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the figure from left to right. At the beginning of period t − 1, the central bank reveals information

about aggregate excess demand mt−1 and the interest rate it−1. Firms set prices (P j
τ0

); these might be

the same as those in the previous period. Past inflation is known (πt−1). At the beginning of period

t, the inflation rate from the last period (πt) becomes public. Firms use the information from past

and current inflation and excess demand to form their forecasts µ̂j
t and γ̂j

t , as described in equation

(4). As period t continuously transitions to period t + 1, firms observe the noisy signal daj
s on the

evolution of excess demand governed by equation (2). They use the signal, together with their discrete

time estimates, to form their nowcasts, as described in the system of equations (5). The firms use

the inflation nowcast together with the forecast of the dynamics of the processes to decide whether to

change prices or not during the period from t to t + 1 according to the optimization problem defined

in (6).

2.3 Pricing Problem of Firms

We assume that a firm derives profit solely from aligning its price with evolving macroeconomic demand

conditions. Any deviation from the optimal target price entails a continuous flow cost of forgone profits.

Traditionally, studies have relied on exogenous physical frictions, such as menu costs and Calvo-style

temporal lock-ins, to generate nominal rigidity. In our framework, firms face no such institutional

constraints and can theoretically adjust prices at any instant in continuous time. Nevertheless, prices

remain nominally rigid. This stickiness emerges endogenously because the pricing decision of a firm is

fundamentally a continuous-time optimal stopping problem under uncertainty (McDonald and Siegel,

1986).

The friction that prevents continuous adjustment is not physical but informational and is driven

by a bifurcated information structure. As detailed in Section 2.2.1, the underlying drift of the optimal

target price change is updated only discretely at the period boundaries. Within the period, the firm’s

expectation of this drift remains fixed. Conversely, the firm receives a continuous flow of signals re-

garding the current level and volatility of the target price (Section 2.2.2). Because the drift expectation

is anchored, these continuous updates alone do not generate a sufficient marginal gain to offset the

opportunity cost of adjusting. The forecasts against which the nowcasts are evaluated are stale.

To understand why the firm chooses inaction, we cast the pricing decision as the exercise of a

real option. In this context, the irreversibility of repricing is not a physical expenditure but the sunk

opportunity cost of exercising a timing option. Exercising the option at time τ kills the continuation
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value of the current informational state of the firm. Once exercised, the firm resets its reference

expectation (π̂τ0) and forfeits the ability to use that specific adjustment option to respond to the

subsequent, more informative discrete drift update.

Firms thus hold a portfolio of real options: an American-style call option to raise prices and an

American-style put option to lower them. The objective of a firm is to choose the earliest optimal

stopping time τ ≥ 0 to maximize the expected discounted value of these adjustments:

V j
t (π, it) = min

τ
{ sup

τ≥0
Et[e−itτ−πτ (eπ̂j

τ − eπ̂j
τ0 )+], sup

τ≥0
Et[e−itτ−πτ (eπ̂j

τ0 − eπ̂j
τ )+]} , (6)

where it represents the nominal short-term interest rate and τ0 represents the time of the last price

change. Firms view the problem as perpetual, conditional on the time-t information set. Discounting

by the aggregate price level (πτ ) ensures that firms internalize aggregate pricing dynamics (Caplin and

Leahy, 1997). As aggregate inflation increases the discount rate, firms with greater pricing power react

faster to inflation expectations.

Ultimately, this cost–benefit evaluation endogenously generates an inaction region (a smooth-

pasting boundary). The firm rationally chooses to tolerate the continuous flow cost of misaligned

prices because the value of waiting for the discrete drift update exceeds the value of a marginal, mid-

period correction that is based solely on volatility. Inaction persists until the discrete drift update

arrives, which provides the necessary informational jump to push the optimal target of the firm across

the exercise threshold and trigger a discrete price revision.

2.4 Optimal Pricing Decision

The real-options problem in (6) is governed by an ordinary differential equation (ODE) that quantifies

the fundamental intertemporal trade-off: whether to act on current, noisy information or wait for

more precise signals. Following the generalized formulation in Wong, 2008, the ODE that governs the

solution of an individual firm takes the following form:3

(i + µ̂π − σ̂2
π

������������������������������������������������
1. Return

)Ω(ω̂∗
s ) = ( µ̂j

π̂ + γj
s(γ̂j)ξ(1

2
γj

s(γ̂j)ξ − σ̂π
ϱj

s

Ñ j
)

�����������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������
2. Mean Rate

)ω̂∗
s ∂ω̂sΩ(ω̂∗

s ) + 1
2

(γj
s)2(γ̂j)ξ2

�����������������������������������������������������������������������
3. Risk

ω̂∗
s

2∂2
ω̂s

Ω(ω̂∗
s ) .

(7)

3To maintain notational parsimony, we omit the time index t where doing so causes no ambiguity. All the variables
are implicitly conditional on the information set available at the start of the discrete period t.
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where ω̂∗ represents the implicit option price under expectation equivalence; µ̂π and σ̂π represent the

expected drift and volatility of aggregate inflation, respectively; µ̂j
π̂ and γj

s(γ̂j) represent the forecast

drift and MSE estimates, respectively, of the firm; Ñ j represents the inverse of the pricing power of

the firm; and ϱj
s represents the autocorrelation between realized inflation and the nowcast of the firm.

All of these estimates are based on information that is available at the beginning of period t. γj
s is

further based on the initial estimate for the MSE at the beginning of the period γ̂j .

This expression requires the firm to equate the real rate of return with the expected drift of inflation,

adjusted for the uncertainty of its expectations. The three components operate as follows:

1. Return (First-Order Effect): The left-hand side captures the alternative return that the

firm must match: the nominal risk-free rate combined with inflation dynamics. Higher interest

rates or higher expected inflation drifts increase the opportunity cost of waiting, thus compress-

ing the exercise boundaries toward zero. This compression induces faster, more frequent price

adjustments, thereby ultimately shortening the transmission lag of monetary policy.

2. Mean Rate (Second-Order Effect): The first term on the right-hand side captures the ex-

pected evolution of the option value, which shifts the upper and lower boundaries asymmetrically.

A higher expected mean rate raises both boundaries. Although it may appear counterintuitive

that a firm would wait longer to increase prices when anticipating inflation, these boundaries are

explicitly set in line with the expectations of the firm. Therefore, the anticipated high-frequency

signal shifts upward as well, thereby offsetting the higher boundary. Furthermore, the covariance

term, γj
s(γ̂)ξ( 1

2
γj

s(γ̂)ξ − σ̂π
ϱj

s

Ñj
), introduces a strong precautionary motive. To balance the neces-

sity of adjusting to persistent trends against the risk of mispricing in an uncertain environment,

high expected forecast errors (γj
s) or low pricing power (1/Ñ j) dictates prudence.

3. Risk (Third-Order Effect): The final term captures the inherent danger of mispricing. Higher

expected mean-square errors drastically increase the option value of waiting. A firm that is

navigating a highly volatile predictive environment will systematically delay price changes, thus

widening its boundaries until more precise information is revealed.

When combined, these forces naturally produce the lumpy, asymmetric pricing behaviors that have

been documented empirically (Alvarez et al., 2019; Lach and Tsiddon, 1992; Peltzman, 2000). During

tranquil periods, wide boundaries dampen the transmission of transitory noise. During inflationary

surges, the mean rate shifts boundaries asymmetrically, thereby accelerating upward adjustments.
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Crucially, heterogeneity in expected forecast errors among firms leads to an endogenous distribution

of price stickiness, which is a dynamic that is consistent with the granular findings of Alvarez et al.,

2025 and the muted selection effects observed by Karadi et al., 2024.

2.5 Pricing Regimes and Aggregate Dynamics

Depending on the idiosyncratic assessments by firms of the macroeconomic environment, the optimal

stopping problem partitions firms into three distinct behavioral regimes. Firms transition dynamically

between these regimes as their economic forecasts and perceived accuracies evolve.4

1. No Repricing: In this regime, the adjustment boundaries lie at infinity, which indicates that

firms never reprice. If all firms simultaneously occupied this regime, monetary policy would

exhibit full pass-through to real activity, thus resembling the exogenous nominal rigidities in

Barro and Grossman, 1971. However, in our framework, these rigidities arise endogenously.

Firms enter this regime when the perceived uncertainty is overwhelmingly high relative to the

expected inflation volatility and when the return term is low. More precisely, the regime is

defined as follows:

γj
s(γ̂j)ξσ̂π

ϱj
s

Ñj
≤ µ̂j

π̂ + (γj
s)2(γ̂j)ξ2

i + µ̂π − σ̂2
π ≤ µ̂j

π̂ − γj
s(γ̂j)ξ(σ̂π

ϱj
s

Ñj
− 1

2
γj

s(γ̂j)ξ).

The first inequality dictates that the expected forecast error (γj
s) of the firm must be sufficiently

large relative to the estimated volatility of inflation. The second inequality ensures that the

expected real return is lower than the risk-adjusted drift. Economically, these conditions imply

that the firm anticipates elevated prediction errors in the short term but expects uncertainty to

resolve over time. Consequently, the firm prefers to delay commitment entirely until more precise

information becomes available. In this state, the expected price change is zero.

2. Idiosyncratic Repricing: Firms transition to this regime when the expected return term be-

comes sufficiently negative relative to their forecasted environment. In practice, this scenario

mirrors an (s, S)-type pricing mechanism (Sheshinski and Weiss, 1977) or a Calvo-type envi-

ronment (Calvo, 1983) where adjustment boundaries are firm-specific and completely decoupled
4Expected price changes for each regime are derived in Appendix A.3. The probability that a firm falls into each

regime is provided in Appendix A.4.
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from aggregate conditions. The regime is characterized by the following inequalities:

i + µ̂π − σ̂2
π < 0

�����������

γj
s(γ̂j

)ξσ̂π
ϱ

j
s

Ñj −µ̂π̂

γj
s(γ̂j)ξ

�����������
<

√
−2(i + µ̂π − σ̂2

π) ,

The first inequality requires a negative real return on the outside option, whereas the second

restricts the precision-adjusted expectation gap of the firm within bounds proportional to this

negative return. This regime is crucial because it effectively generates a zero-lower-bound-type

constraint on policy pass-through: Once conditions trigger these inequalities, the magnitude of

price changes no longer responds to policy signals, thus yielding the “neutrality of money” effects

described in Caballero and Engel, 2007.

With the static, firm-specific boundaries denoted as bj and Bj , the expected price change is

dictated purely by the probability of the high-frequency nowcast hitting either boundary:

Ej
t [∆P ] = Bj(1 − Φ(Bj − µ̃π̂) + e2µ̃π̂Bj

Φ( − Bj − µ̃π̂)) + bj(Φ(bj − µ̃π̂) + e2µ̃π̂bj

Φ(bj + µ̃π̂))

− (Bj + bj)(1 − Φ(Bj − µ̃π̂) + e2µ̃π̂Bj

Φ( − Bj − µ̃π̂))(Φ(bj − µ̃π̂) + e2µ̃π̂bj

Φ(bj + µ̃π̂)) ,

(8)

where Φ represents the Gaussian CDF. Crucially, µ̃π̂ represents the realized drift of the expec-

tation process, which differs from the expected drift (µ̂j
π̂) because of forecast errors.

3. State-Dependent Repricing: Any firm that does not satisfy the conditions of the first two

regimes occupies this state. Here, the boundaries are fully endogenous and act as the primary con-

duits for policy transmission. Firms compute symmetric adjustment boundaries (ln(L) = − ln(L))

explicitly as functions of their medium-term forecasts (µ̂j
π̂). Consequently, these boundaries de-

pend on firms-specific idiosyncratic values. The expected price change simplifies to the following

expression:

E[∆P ∣t = 1] = ln(L)((1 − e−2µ̃π̂ ln(L))Φ(− ln(L) + µ̃π̂) − (1 − e2µ̃π̂ ln(L))Φ(− ln(L) − µ̃π̂)) . (9)

This regime disentangles the intensive and extensive margins of price adjustment. Because the

boundaries (L) are tied directly to the low-frequency forecast (µ̂j
π̂), they remain fixed within

the period; hence, the intensive margin adjusts slowly as forecasts are revised. In contrast,

unanticipated aggregate shocks immediately alter the realized drift (µ̃π̂) of the high-frequency
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from aggregate conditions. The regime is characterized by the following inequalities:
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nowcast. This alteration instantaneously drives up the frequency with which the boundaries are

hit. Consequently, short-term policy transmission operates almost entirely through the extensive

margin, with intensive margin adaptations following only after persistent shifts are incorporated

into updated forecasts.

2.6 Monetary Policy and the Central Bank Assessment

The distribution of firms across these three regimes dictates the speed and efficacy of monetary policy.

Although we do not explicitly model the optimal control problem of the central bank, the mathematical

framework cleanly isolates the transmission mechanism of the short-term interest rate (it). Notably,

the central bank needs to compute the expected population aggregates of the relevant firm-specific

variables.5

An increase in the interest rate shifts the adjustment boundary closer to zero ( ∂L
∂it

< 0). This

dynamic is mathematically confirmed by the derivative of the positive ODE solution (ϕ+) being mono-

tonically increasing in it:

∂

∂it
ϕ+ = 1

γ2(s; γ̂)ξ2

√
( µ̂π̂−γs(γ̂)ξ(σ̂π

ϱs
Ñ

− 1
2 γs(γ̂)ξ)

γ2(s;γ̂)ξ2 − 1
2
)

2

+ 2(it+µ̂π−σ̂2
π)

γ2(s;γ̂)ξ2

.

Economically, higher interest rates force firms in the state-dependent regime to react to smaller

changes in their inflation nowcasts. By compressing the boundaries, interest rate hikes increase the

flexibility of prices on the extensive margin, thereby accelerating the pass-through of medium-term

aggregate demand policies. However, pushing rates too low risks shifting the mass of firms entirely

into the idiosyncratic repricing regime, which would effectively trap the economy at a zero lower bound,

where monetary policy loses traction on real activity.

3 Empirical Strategy and Validation

To validate the theoretical framework presented in Section 2, we estimate the structural parameters

(ξ, σa, B, b, and α) of the model using a Bayesian procedure. We treat Switzerland as a small open

economy where the production sector is heavily exposed to global competition (Gersbach et al., 2025),
5Probabilities for the relative ratios across regimes are derived as a function of the economic environment in the

infinite firm limit in Appendix A.4.3. Owing to the computational nature of these solutions, we refrain from offering
further exposition here.
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which enables us to model supply as an exogenous force and isolate domestic price-setting behavior.

Our empirical strategy involves two stages. First, we calibrate the model using aggregate macroe-

conomic and survey data. Second, we validate the calibrated model by testing its simulated aggregate

inflation path and evaluating its intensive-margin boundary predictions against out-of-sample, disag-

gregated microprice data.

3.1 Data and Variable Construction

We use monthly data that span from July 2010 to May 2024 (167 observations) and are drawn from

the Swiss National Bank (SNB), the KOF Swiss Economic Institute, and the Swiss Federal Statistical

Office (FSO). The data map directly to the theoretical components of our model:

• Inflation (πt): We use the year-over-year first differences of the natural logarithm of the Swiss

Consumer Price Index (CPI). We use the year-over-year differences because they are the standard

metric for SNB policy communication; hence, they are the most plausible reference frame for the

inflation expectations of Swiss firms while also dampening seasonality.

• Opportunity Cost (it): We use the three-month compounded Swiss average rate overnight

(SARON) as the proxy for the nominal short-term interest rate, which reflects the opportunity

cost of the pricing decisions of firms.

• Idiosyncratic Signal (das): To proxy the high-frequency “atmosphere” or idiosyncratic sig-

nal that firms receive, we use transformed KOF survey data on price expectations. The KOF

surveyed firms to estimate the net fraction of firms that expect their sales prices to rise versus

fall over the next three months. We scale this net series by 100 and take its cumulative sum

over the sample period. Because predicting prices at a three-month horizon is highly uncertain,

this aggregated metric effectively captures the short-term flow of information that firms process

regarding competitor behavior and localized demand, thus serving as the empirical counterpart

to daj
s in Equation (2). Owing to the differences in the aggregation of prices for the construction

of inflation and the aggregation of sectors on the basis of the KOF data, we rely on the aggregate

measure as our proxy.

• Excess Demand (dm̊s): We use the “excess liquidity” measure developed by Reynard, 2006

as our proxy for the unobserved aggregate excess demand. This metric captures the relationship
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among the broad monetary aggregate (M2), potential GDP, and the low-frequency filtered ten-

year interest rate:

dm̊s = ms − m⋆
s ,

where: m⋆
s = ps + y⋆

s − βi⋆
s .

where ps represents the log CPI, ms represents log M2, y⋆
s represents the log potential GDP, and

β represents the semielasticity of money demand to the filtered ten-year rate i⋆
s . This measure

maps perfectly to our theoretical setup: it reflects the medium-term policy stance of the central

bank while being subject to stochastic shocks. As demonstrated in Kugler and Reynard, 2022, it

is consistently correlated with Swiss inflation. Furthermore, conditional correlations show that

excess liquidity transmits with staggered lags, first to financial markets (∼6 months), then to

housing (∼12 months), and finally to consumption (∼40 months), which is consistent with the

financial market transmission channel (Caballero and Simsek, 2024).6

Table 1: Summary Statistics

Mean Std. Dev. Min. 25th Pct. Median 75th Pct. Max.

Log. CPI 4.617 0.019 4.593 4.605 4.612 4.618 4.673
Inflation 0.357 1.120 -1.458 -0.419 0.187 0.845 3.367
Interest -0.440 0.755 -3.650 -0.930 -0.800 0.010 1.630
Excess Liquidity 3.984 4.289 -9.379 2.070 3.306 7.224 10.954

Atmosphere -3.772 2.463 -7.157 -6.207 -3.976 -1.588 0.165

Notes: This table reports summary statistics for the main variables used in the analysis. Log CPI is the
logarithm of the Consumer Price Index. Inflation is measured as the first difference of log CPI. Interest
denotes the short-term interest rate (three-month compounded SARON). Excess liquidity is our excess
demand proxy derived in Reynard, 2006. Atmosphere denotes the aggregated proxy derived from KOF
survey data on expected price changes. Sample period: July 2010 to May 2024 (N = 167).

3.2 Bayesian Calibration

We estimate the parameter vector θ = {ξ, σa, B, b, α} using the aggregate time series described above.

The results, including the posterior means, standard deviations, and 95% highest density intervals

(HDIs), are reported in Table 2.

The estimated parameters align cleanly with the theoretical mechanisms of the model. The scaling

parameter ξ and the idiosyncratic noise σa reconcile the difference in volatility between the high-

frequency atmosphere signal and realized inflation. The covariance parameter α is estimated to be
6A more detailed description can be found in the Appendix B.1.
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Table 2: Results from the Calibration

Mean Std. Dev. HDI 3th Pct. HDI 97th Pct.

ξ 0.093 0.003 0.085 0.102
σa 0.073 0.004 0.057 0.070
B 0.121 0.089 0.000 0.276
b 0.115 0.086 0.000 0.267
αRaw 5.768 0.332 5.176 6.393

Notes: Estimated values from the in-sample Bayesian calibration us-
ing the full aggregate dataset. αRaw is the value of alpha before
a tangens hyperbolicus transformation. Std. Dev. is the posterior
standard deviation.

close to 1, which strongly confirms the correlation between the excess liquidity proxy and inflation.

Notably, the idiosyncratic adjustment boundaries (b and B) are relatively unconstrained by the

aggregate data because the aggregate macroeconomic path overwhelmingly reflects behavior in the

state-dependent repricing regime. Because the aggregate “calibration firm” rarely enters the idiosyn-

cratic repricing regime, the data provide weak identification for these static bounds. Consequently,

we impose informative priors on b and B that are consistent with the empirical literature on average

markups of 10% to 20% (Cavallo, 2017).

3.3 Model Validation

We validate the calibration through two distinct exercises: (1) an aggregate simulation to verify that

the theoretical mechanisms can reproduce the observed macropath of inflation and (2) an out-of-sample

microlevel test to verify that the endogenous boundaries of the model accurately predict the intensive

margin of actual changes in firm price.

3.3.1 Aggregate Simulation Alignment

To evaluate the aggregate fit of the model, we simulate a panel of 400 firms that make decisions at

4,320 continuous-time steps per month. We feed the model only the observed exogenous paths of the

KOF atmosphere signal, the short-term interest rate, and the excess liquidity. Realized inflation is

provided only during an initial gray-shaded burn-in period; thereafter, the inflation series is generated

entirely endogenously on the basis of the simulated pricing decisions of the firms.

As shown in Figure 2, the simulated path tightly tracks the empirical inflation series. By restricting

the information set strictly to what firms observed in real time, this simulation confirms that the real-
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Figure 2: Simulation Results vs. Realized Inflation

Notes: Simulation results utilizing 400 firms and 4,320 steps per month. The initialization period is shaded in
gray. The figure plots the endogenous inflation path generated by the simulated firms (orange − solid) against the
realized empirical inflation (blue − dotted) and the interest rate (pink − dashed).

options framework captures the critical structural determinants of inflation dynamics.

3.3.2 Microlevel Boundary Predictions (Intensive Margin)

In the most rigorous test of our framework, we evaluate whether the state-dependent boundaries

(L, L) actually dictate the size of observed price changes. For this purpose, we use disaggregated CPI

data from the FSO at categorical level 5 (e.g., distinguishing “gardening products” from “plants and

flowers”) that cover 139 consumption categories.

To strictly avoid look-ahead bias, we estimate the theoretical boundaries using a rolling window of

108 months. For example, parameters estimated up to June 2019 dictate the boundary prediction for

July 2019. Because the model is calibrated purely on aggregate data, testing these boundaries against

the disaggregated categorical distributions constitutes an out-of-sample test of the intensive margin.

We assess the predictive power of the boundaries of the model by computing a Gaussian kernel

“closeness” metric between the theoretical boundary x and the observed categorical price changes x′:

closeness(x, x′) = exp (−(x′ − x)2

2δ2
) ,

where δ governs the decay (set to 0.075)7. To establish statistical significance, we use a bootstrapping

procedure. We generate 1,000 random boundaries distributed uniformly between the minimum and

maximum observed nonzero price changes. For each boundary, we draw 10,000 bootstrap samples of
7The complete tables for δ ∈ {0.05, 0.075, 0.1} can be found in Appendix 3.

17



18

the observed data and compute the closeness metric. The pseudo p value represents the fraction of

random boundaries that achieve a tighter closeness score than the endogenous boundary generated by

our model.

Figure 3: Bootstrap Test Results for Microprice Changes

(a) Price changes (∆p) for December ’22 (b) Price changes (∆p) for June ’23

Notes: The model’s predicted out-of-sample boundaries plotted against histograms of realized category-level year-
on-year price changes (∆p) for December 2022 (left) and June 2023 (right). The pseudo p-values are computed
with δ = 0.075.

The results for two representative months are illustrated in Figure 3. Over the full testing period,

the harmonic mean of the p values is 0.0278, which is statistically significant at the 5% level (< 0.036

for 68 tests, following Wilson, 2019)8. These results confirm that the model accurately predicts the

intensive margin of empirical price adjustments. Strikingly, the boundaries maintain strong predictive

validity even during the acute financial turbulence of late 2022 and early 2023 that surrounded the

acquisition of Credit Suisse by UBS (Parliament, 2024), which was a period that affected the monetary

aggregates that underlie the excess liquidity measure.

4 Discussion

We now elaborate on the mechanisms that drive these results, with a focus on how firms dynamically

adjust both the short-term frequency (the extensive margin) and the medium-term magnitude (the

intensive margin) of price changes in response to aggregate shocks. Our sample period, which spans a

transition from a low-inflation, negative-interest-rate environment to an episode of acute inflationary

pressure, provides an ideal laboratory for identifying these underlying dynamics.
8The harmonic means of the other tested δs ({0.05, 0.075, 0.1}) p values are {0.0245, 0.0278, 0.0271}, respectively
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4.1 Theoretical Mechanism

Our framework departs from canonical price-gap specifications, which typically assume that firms ad-

just prices toward an aggregate reference level and yield standard hazard-function representations of

pricing behavior (Alvarez et al., 2022; Caballero and Engel, 1993). Instead, we specify a dynamic

reference point: firms align the rates of change of their prices rather than their absolute levels. This

reformulation addresses a fundamental informational friction: because the average price level is ob-

served with a lag, the optimal price has often already shifted by the time aggregate data are published.

Rather than imposing convergence by construction, our model allows it to emerge endogenously from

the penalty of forecast errors. Firms that predict poorly face larger expected errors (γs), which widens

their adjustment boundaries and delays repricing. Through this channel, even a population of highly

heterogeneous forecasters naturally converges toward aggregate price dynamics in equilibrium.

Crucially, this mechanism generates state-dependent prudence. A firm that anticipates a large

positive drift in inflation sets its lower adjustment boundary closer to its current price than its up-

per boundary, thereby effectively hedging against contradictory downward signals. In the aggregate,

this asymmetric boundary shift amplifies inflation volatility during price accelerations and attenuates

it during decelerations, which generates patterns consistent with recent empirical evidence on firm

repricing during inflationary surges (Cavallo et al., 2024; Karadi et al., 2024).

Driven by these adaptive boundaries, our model closely replicates the aggregate frequency of price

changes observed internationally by Cavallo et al., 2024. The predicted repricing frequency of the

model over time is shown in Figure 4. Beginning in 2021, we observe a marked increase in repricing

activity. Initially, this increase is concentrated among a minority of highly accurate forecasters. By

adjusting prices more frequently, these firms generate second-round drift effects that propagate through

the realized inflation data, which eventually forces laggard firms to update. The oscillating pattern in

the mean and median repricing frequency reflects the discrete, start-of-month updating of the medium-

term forecasts. As inflation plateaus around March 2022, firms revise their drift expectations downward

and simultaneously increase their expected mean-square errors. This combination dampens repricing

activity and helps stabilize aggregate prices.

Substantial variation in the shape of the cross-sectional inflation distribution is revealed in Figure

5. Heavy-tailed distributions, particularly in the lower tail, as documented by López-Salido and Loria,

2024, emerge intrinsically from the path- and state-dependence of the real-options framework rather

than from exogenous distributional assumptions. This structural richness provides information that
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Figure 4: Distribution of Price Changes over Time

Notes: This Figure shows the average times to a price change. A value of 0.5 implies that the firm changes prices roughly
in the middle of the month. The initialization period is shaded in gray.

extends well beyond aggregate moments and offers predictive insight into the future trajectory of

inflation.

Figure 5: Distribution of Price Changes over Time

Notes: This Figure shows the cross-sectional distribution of inflation values. The initialization period is shaded in gray.
Values are collected from the cross-section of firms’ inflation values, with the average (dotted line) representing the
realized inflation of the model.

The empirical and model-implied distributions of price changes across three distinct macroeco-

nomic regimes, namely, 2018, 2021, and 2023, are explicitly compared in Figure 6. In 2018 (a tranquil

period), item-level price changes exhibit a pronounced left tail. In 2021 (the inflationary acceleration),

the distribution becomes symmetric. By 2023, the mass concentrates heavily near zero, particularly for

upward movements. This concentration reflects postsurge normalization: when facing elevated uncer-
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tainty, firms increase their expected MSEs and compress their drift expectations toward zero, thereby

widening their boundaries. The model reproduces these complex distributional shifts quantitatively;

following standard distributional tests, we find no statistical basis for rejecting the hypothesis that the

model-implied and empirical price changes are drawn from the same underlying distribution.

Figure 6: Dynamics of price changes: Model vs. reality

(a) Empirical: Cross-sectional distribution of price
changes

(b) Model: Distribution of expected forecast errors over
time

(c) Model: Distribution of price changes (d) Model: Time-averaged distribution of price changes

Notes: This figure shows the item level 5 month-on-month empirical price changes (top-left), the distribution of
expected forecast errors (top-right), the model-implied distribution of price changes for the corresponding months
(bottom-left), and the time-averaged cross-sectional distribution of price changes (bottom-right). All simulations
utilize 400 firms and 4,320 within-month time steps.

The dual dependence of price changes on both expected forecast errors and anticipated drift is

illustrated in Figure 6b. In 2021, when MSEs were low but the expected drift was large, firms adjusted

prices frequently and executed large upward revisions. In contrast, in the postsurge environment of

2023, firms carried elevated MSE estimates but low drift expectations, thus yielding a price-change

distribution that is notably wider and more symmetric than that in 2018. (Note: The artificially high

MSEs in 2016 reflect poor initialization immediately following the burn-in period, when price changes

remained small despite elevated uncertainty).
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4.2 Empirical Robustness

The empirical contribution of our framework rests on three pillars. First, by accommodating firm

heterogeneity and regime switching, the model formally identifies the conditions under which monetary

policy transmission operates primarily through nominal prices rather than real quantities. Second,

it grounds complex pricing behaviors strictly in empirically observable proxy measures. Third, by

simulating a cross-section of firms simultaneously, the model generates full predictive distributions

over the variables of interest rather than relying on point forecasts.

This empirical validity is further reinforced by the remarkable stability of the calibrated parameters

of the model over time. The parameter estimates derived by rolling-window estimation are shown in

Figure 7. Despite capturing volatile macroeconomic transitions within relatively short 108-month

windows, the structural parameters remain strikingly stable: the standard deviations are ξ = 0.010 and

σa = 0.003, with α = 0.000, B = 0.061, and b = 0.025 (with minor variations primarily confined to the

unconstrained idiosyncratic boundaries B and b).

Figure 7: Evolution of the parameter estimates from rolling window esti-
mation

Notes: This figure presents the mean parameter estimates from the rolling window estimations. There is minimal
variability over time, despite the relatively small window size of 108 months. The respective standard deviations
are: ξ = 0.0100, σa = 0.0030, α = 0.0000, B = 0.0605 and b = 0.0246.

When the aggregate demand proxy is anchored to excess liquidity (Reynard, 2006), the results

underscore the vital role of the banking sector in policy transmission. For the Swiss economy at least,

this finding affirms the continued relevance of broad monetary aggregates as an accurate gauge of

excess demand and a leading indicator of inflation dynamics. Ultimately, the model is fully simulable

in real time using only five free parameters and three observed time series. The temporal stability
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it grounds complex pricing behaviors strictly in empirically observable proxy measures. Third, by

simulating a cross-section of firms simultaneously, the model generates full predictive distributions

over the variables of interest rather than relying on point forecasts.

This empirical validity is further reinforced by the remarkable stability of the calibrated parameters

of the model over time. The parameter estimates derived by rolling-window estimation are shown in

Figure 7. Despite capturing volatile macroeconomic transitions within relatively short 108-month

windows, the structural parameters remain strikingly stable: the standard deviations are ξ = 0.010 and

σa = 0.003, with α = 0.000, B = 0.061, and b = 0.025 (with minor variations primarily confined to the

unconstrained idiosyncratic boundaries B and b).

Figure 7: Evolution of the parameter estimates from rolling window esti-
mation

Notes: This figure presents the mean parameter estimates from the rolling window estimations. There is minimal
variability over time, despite the relatively small window size of 108 months. The respective standard deviations
are: ξ = 0.0100, σa = 0.0030, α = 0.0000, B = 0.0605 and b = 0.0246.

When the aggregate demand proxy is anchored to excess liquidity (Reynard, 2006), the results

underscore the vital role of the banking sector in policy transmission. For the Swiss economy at least,

this finding affirms the continued relevance of broad monetary aggregates as an accurate gauge of

excess demand and a leading indicator of inflation dynamics. Ultimately, the model is fully simulable

in real time using only five free parameters and three observed time series. The temporal stability
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of the exogenous parameters strongly suggests that the framework retains its predictive validity even

under unanticipated shocks, without requiring continuous recalibration.

4.3 Macroeconomic Implications and Limitations

Beyond its empirical fit, these intensive and extensive margin dynamics provide a structural explanation

for the “long and variable lags” of monetary policy. When the economy is characterized by low inflation

and stable expectations, firms operate largely in the idiosyncratic repricing regime. In this state,

boundaries are wide, the extensive margin is muted, and medium-term policy shifts take considerable

time to manifest in aggregate prices; thus, the policy lag is long. In contrast, during inflationary surges,

elevated drift expectations asymmetrically compress the adjustment boundaries, thereby shifting a

critical mass of firms into the state-dependent regime. In this state, the extensive margin dominates,

price flexibility increases, and the transmission lag of monetary policy significantly decreases. The lag

is therefore not just variable but also systematically state dependent.

Notably, this mechanism contrasts with standard menu-cost frameworks (Golosov and Lucas, 2007).

Although models that feature physical menu costs can also generate heavy-tailed price changes and

increased repricing frequencies during inflation surges, our framework achieves these identical aggregate

dynamics without assuming any arbitrary physical or administrative costs of changing a price tag.

Instead, nominal rigidities and their state-dependent relaxation emerge purely from informational

frictions: Knightian uncertainty, the sequential timing of data releases, and the optimal penalty of

forecast errors.

Finally, although our partial-equilibrium framework deliberately abstracts from explicit production

functions and general equilibrium dynamics, such as wage–price spirals, input–output network effects,

and contemporaneous strategic complementarities, we view this isolation as a theoretical feature rather

than a limitation. By stripping away this macrofeedback, we demonstrate that delayed, asymmetric

price adjustment is a foundational microeconomic consequence of uncertainty resolution. If this fore-

casting/nowcasting mechanism were embedded within a full New Keynesian dynamic stochastic general

equilibrium (DSGE) model, these baseline informational frictions would likely be amplified by, rather

than substituted for, broader general equilibrium feedback.
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5 Conclusion

In this study, we demonstrate that the necessary interaction between forecasting and nowcasting inher-

ently generates sticky, path-dependent pricing behavior. By explicitly modeling the dual information-

processing activities of firms, we provide a rational-agent foundation for nominal rigidities that does

not rely on exogenous menu costs or ad hoc information-acquisition frictions. Instead, we endogenize

the cost of price adjustment and root it firmly in a real-options framework where firms balance the

necessity of tracking aggregate trends against the risk of setting misaligned prices under imperfect

information.

The mechanism that drive this stickiness stems from the fundamental differences in the temporal

resolution and objectives of these two predictive exercises. Nowcasts, which are designed to capture the

unobserved contemporaneous state, must remain highly sensitive to high-frequency, noisy signals, thus

trading variance for reduced bias. In contrast, forecasts designed to isolate persistent medium-term

trends accept greater bias to reduce variance. Because low-frequency forecasts establish adjustment

boundaries (the intensive margin) and high-frequency nowcasts trigger repricing decisions (the exten-

sive margin), optimally acting agents inevitably exhibit delayed, asymmetric responses to aggregate

shocks.

Crucially, this dual-frequency structure offers a structural explanation for the “long and variable

lags” of monetary policy. We show that these lags are not merely variable but are systematically state

dependent. When forecasting ability deteriorates or macroeconomic uncertainty is high, firms widen

their adjustment boundaries and delay action to accumulate more information. This wait-and-see

behavior mutes the extensive margin, thereby lengthening the transmission lag of monetary policy. In

contrast, during acute inflationary surges, elevated drift expectations asymmetrically compress these

boundaries, which triggers rapid extensive margin adjustments that shorten the policy lag.

We validate these theoretical predictions empirically using Swiss macroeconomic and microprice

data. The evidence strongly supports our framework, thus confirming that the dynamic interplay

between expected forecast errors and aggregate drift systematically shapes the price-updating behavior

of firms. The model not only replicates aggregate inflation paths but also accurately predicts the out-

of-sample intensive margin of microprice distributions across starkly different macroeconomic regimes.

Beyond nominal price setting under unobserved excess demand, the dual reliance on forecasting

and nowcasting is a ubiquitous feature of economic decision-making. Agents routinely operate in en-

vironments where latent aggregate states are observed only with a delay, if at all, thus necessitating
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similar information-processing strategies for inventory management, capital investment, and hiring.

As technological advancements continue to lower the barriers to deploying sophisticated prediction

tools at the firm level, understanding the endogenous macroeconomic dynamics generated by their

interaction becomes increasingly critical. In an era marked by heightened volatility and shifting policy

regimes, the framework presented here offers tractable, broadly applicable insights into how funda-

mental informational frictions shape aggregate economic outcomes.
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Gust, C., Herbst, E., & López-Salido, D. (2025). Optimal monetary policy with uncertain private sector

foresight. Journal of Monetary Economics, 155, 103826. https://doi.org/10.1016/j.jmoneco.

2025.103826

Ilut, C., Valchev, R., & Vincent, N. (2020). Paralyzed by fear: Rigid and discrete pricing under demand

uncertainty. Econometrica, 88 (5), 1899–1938. https://doi.org/10.3982/ECTA14234

Ji, S., Kong, C., & Sun, C. (2020). A robust kalman–bucy filtering problem. Automatica, 122, 109252.

https://doi.org/10.1016/j.automatica.2020.109252

Karadi, P., Schoenle, R., & Wursten, J. (2024). Price selection in the microdata. Journal of Political

Economy Macroeconomics, 2 (2), 228–271. https://doi.org/10.1086/730220

Kugler, P., & Reynard, S. (2022). Money and inflation in switzerland. Swiss Journal of Economics and

Statistics, 158 (1), 1. https://doi.org/10.1186/s41937-021-00081-1

Lach, S., & Tsiddon, D. (1992). The behavior of prices and inflation: An empirical analysis of disaggre-

gat price data. Journal of Political Economy, 100 (2), 349–389. https://doi.org/10.1086/261821
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A Mathematical Appendix

A.1 Discrete Kalman Filter

In this section, the discrete expectation formation of agents is derived, which corresponds to the

low-frequency forecasts of the firms in our model.

Agents observe the realizations of inflation {πt}t∈T and the monetary aggregate {mt}t∈T , where T

denotes the periods in the filtration. Note the temporal distinction: mt represents the policy stance

revealed at the beginning of period t, whereas πt represents the inflation realized at the end of period

t − 1 (i.e., inflation between t − 1 and t).

Agents compute the first differences ∆πt = πt−πt−1 and ∆mt = mt−mt−1, along with their respective

rolling sample variances over the past n months:

σ̂2
x,n,t = 1

n − 1

n−1

∑
h=0

(∆xt−h − ∆xn,t)2 , x ∈ {π, m} . (A.1)

where ∆xn,t denotes the average over the past n months. To assess the structural noise of the processes,

agents compare the short-term, five-month volatility estimates (n = 5) to the long-term, three-year

volatility estimates (n = 36):

Noisex,t = (σ̂x,5,t − σ̂x,36,t)2 , x ∈ {π, m} . (A.2)

Agents presume that the noise of their short-term estimates is high when they deviate strongly from

the long-term trend. To establish a weighting scheme, agents calculate a total uncertainty metric (v2
x)

by summing their short-term variance and inferred noise: v2
x,t = σ̂2

x,5,t + Noisex,t for x ∈ {π, m}.

Using these uncertainty metrics, agents construct a fused observation of the drift, µ̃π̂,t, by applying

inverse-variance weighting to the two signals:

µ̃π̂,t =
∆πtv

2
m,t + ∆mtv

2
π,t

v2
π,t + v2

m,t

. (A.3)

The theoretical variance of this fused observation is given by the harmonic sum of the individual

variances:

ς̂2
π̂,t =

v2
π,tv

2
m,t

v2
π,t + v2

m,t

, (A.4)

which agents subsequently use to infer the process noise for their filter.
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Finally, agents feed this fused observation (µ̃π̂,t) and the observed inflation MSE (ct) into a discrete

1D Kalman filter to update their medium-term forecast of the drift. The Kalman filter equations take

the following form:

Kt =
σ̂2

π̂,t−1

σ̂2
π̂,t−1 + ct

, (A.5)

µ̂π̂,t = µ̂π̂,t−1 + Kt(µ̃π̂,t − µ̂π̂,t−1) , (A.6)

σ̂2
π̂,t = (1 − Kt)σ̂2

π̂,t−1 + ς̂2
π̂,t , (A.7)

where Kt represents the optimal Kalman gain, the subscript t denotes the updated posterior state

that incorporates the time t signal, and the subscript t − 1 denotes the prior state. Notably, in the

variance update, the variance of the fused signal (ς̂2
π̂,t) is inherently added as forward-looking process

noise. The resulting estimates, µ̂π̂,t and σ̂2
π̂,t, are the drift and variance parameters used to anchor the

continuous-time nowcasting filter described in the main text.

A.2 Derivation of the Solution of the Model

In this section, the mathematical details of the solution of the model are presented.

The solution to this problem under fully known parameters is provided in Ji et al., 2020, where

agents use a continuous-time Kalman filter that delivers linear forecasts for both the state and its

associated mean-square error (MSE). In our framework, agents replace the unobserved structural

parameters with their own estimates. Expressed in our notation, the original filtering results take the

following form:

dπ̂s = Et[µm,t]ds + γsξ dÎs

σ2
a

Linear Prediction: Et[π ∣ a]
dγs

ds
= 2Et[Covt[m, π̂]] − ξ2

σ2
a

γ2
s + σ2 Expected MSE: Et[(π̂ − π)2 ∣ a]

where γs denotes the expected mean-squared error and π̂ represents the prediction of inflation given

excess liquidity. dÎs = das − ξπ̂ds is called the innovation process.

In our application, the covariance in the above equation is unknown. Firms approximate the

covariance as ∣Covt[m, π̂]∣ ≤
√

Vt[m]
√

Vt[π̂], where Vt[π̂] and Vt[m] represent the instantaneous

variances of their inflation forecasts and the excess demand processes, respectively. For α ∈ [−1, 1],
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excess liquidity. dÎs = das − ξπ̂ds is called the innovation process.

In our application, the covariance in the above equation is unknown. Firms approximate the

covariance as ∣Covt[m, π̂]∣ ≤
√

Vt[m]
√

Vt[π̂], where Vt[π̂] and Vt[m] represent the instantaneous

variances of their inflation forecasts and the excess demand processes, respectively. For α ∈ [−1, 1],

32

firms use the following covariance:

Covt[m, π̂] = ασ̂m,5,t

√
γ2

s ξ2 ,

= αγsξσ̂m,5,t ,

where σ̂m,5,t denotes the estimated variance of our excess demand proxy from the past 5 monthly

observations. With the firms’ estimates of the covariance, the final predictive system becomes the

following:

dπ̂s =µ̂π̂ds + γsξ
dÎs

σ2
a

dγs

ds
= − γ2

s

ξ2

σ2
a

+ 2ασ̂m,5,tξγs + σ̂2
π,t

(A.8)

We assume that the firms know the constant parameters α, ξ, and σa. In the empirical application,

these are three of the five estimated parameters. σ̂2
π,t refers to the estimated variance of the inflation

process at time t, which is estimated in the discrete setup (see equation (4)).

Importantly, the model is time-homogeneous: calendar time serves only as an index of the evolution

of the state variables. The dynamics depend on the lengths of the time intervals but not on their

absolute positions on the time axis. Consequently, time does not enter the value function explicitly,

and the option price depends only on the current state and not on the calendar date.

The agents hold perpetual American-style call and put options on the inflation rate and their

inflation expectation within each period. They solve an optimal stopping problem to find the optimal

times to exercise their option to reprice.

The agents solve the following general problem:

Vt(π, i) = min
τ

{ sup
τ≥0

Et[e−iτ−πτ (eπ̂τ − eπ̂τ0 )+], sup
τ≥0

Et[e−iτ−πτ (eπ̂τ0 − eπ̂τ )+]} , (A.9)

with the following dynamics:

dπ̂ =µ̂π̂,tds + γsξ
dÎt

σ2
a

, (A.10)

dγs

ds
= − γ2

s

ξ2

σ2
a

+ 2ασ̂m,5,tξγs + σ̂2
π̂ . (A.11)

The agents assume that the discrete-time process ‘inflation’ derives from the arithmetic average of the
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cross-section of the continuous-time processes across agents; thus,

dπs = 1
N

N

∑
j=1

dπ̂j
s , (A.12)

where j ∈ J represents the agent and i denotes the short-term interest rate.

Before we proceed, we solve the Riccati equation (A.11) and transform it into an initial value

problem.

A.2.1 Riccati Equation

The dynamics of the mean squared error have the form of a deterministic Riccati equation. The Riccati

equation can be solved in the following way (Bronstein et al., 2012): Given the form

dγs

ds
= − γ2

s

ξ2

σ2
a

+ 2ασ̂m,5,tξ
����������������������������������������

∶=ht

γs + σ̂2
π,t , (A.13)

we use the following substitution (ν ≠ 0):

γ(s) = σ2
a

ξ2

ν′
s

νs
. (A.14)

Leaving out the time subscripts s and t for clarity, we bring the equation into the following homogeneous

form:

ν′′ − hν′ − ξ2

σ2
a

σ̂2
πν = 0 . (A.15)

This homogeneous equation of the second order can be solved with the Euler ansatz :

ν′′ − hν′ − ξ2

σ2
a

σ̂2
πν = 0 (A.16)

Λ2eΛs − hΛeΛs − ξ2

σ2
a

σ̂2
πeΛs = 0 , (A.17)

which leads to the following characteristic polynomial:

Λ2 − hΛ − ξ2

σ2
a

σ̂2
π = 0 , (A.18)

34



34 35

cross-section of the continuous-time processes across agents; thus,

dπs = 1
N

N

∑
j=1

dπ̂j
s , (A.12)

where j ∈ J represents the agent and i denotes the short-term interest rate.

Before we proceed, we solve the Riccati equation (A.11) and transform it into an initial value

problem.

A.2.1 Riccati Equation

The dynamics of the mean squared error have the form of a deterministic Riccati equation. The Riccati

equation can be solved in the following way (Bronstein et al., 2012): Given the form

dγs

ds
= − γ2

s

ξ2

σ2
a

+ 2ασ̂m,5,tξ
����������������������������������������

∶=ht

γs + σ̂2
π,t , (A.13)

we use the following substitution (ν ≠ 0):

γ(s) = σ2
a

ξ2

ν′
s

νs
. (A.14)

Leaving out the time subscripts s and t for clarity, we bring the equation into the following homogeneous

form:

ν′′ − hν′ − ξ2

σ2
a

σ̂2
πν = 0 . (A.15)

This homogeneous equation of the second order can be solved with the Euler ansatz :

ν′′ − hν′ − ξ2

σ2
a

σ̂2
πν = 0 (A.16)

Λ2eΛs − hΛeΛs − ξ2

σ2
a

σ̂2
πeΛs = 0 , (A.17)

which leads to the following characteristic polynomial:

Λ2 − hΛ − ξ2

σ2
a

σ̂2
π = 0 , (A.18)

34

which has the following solutions:

Λ1,2 = ασ̂m,5,tξ
�������������������������������

∶=θ

±
�
���(ασ̂m,5,tξ)2 + σ̂2

π

ξ2

σ2
a

��������������������������������������������������������������������������������������������������������������������������������������������
∶=λ

. (A.19)

Substituting back and expressing ν as a function of s yields the following:

ν(s) = eθs(Aeλs + Be−λs) . (A.20)

By bringing the equation into its original form, we obtain

γ(s) = σ2
a

ξ2

eθs(θ(Aeλs + Be−λs) + λ(Aeλs − Be−λs))
eθs(Aeλs + Be−λs) , (A.21)

= σ2
a

ξ2
(θ + λ

Aeλs − Be−λs

Aeλs + Be−λs
) . (A.22)

Having solved the differential equation, we now turn to the initial value problem. We use the initial

value γ̂2
t as the expectation of our agents at the beginning of the period t. Thus, at s = 0, the agents

observe γ̂2
t , which is an updated estimate of their MSE. We again omit the time subscript t and derive

the solution for the initial value problem:

γ(0) = γ̂2 = σ2
a

ξ2
(θ + λ

A − B

A + B
) , (A.23)

γ̂2 − σ2
a

ξ2
θ = σ2

a

ξ2
λ

A − B

A + B
, (A.24)

(γ̂2 ξ2

σ2
a

− θ)(A + B) = λ(A − B) , (A.25)

A(γ̂2 ξ2

σ2
a

− θ − λ) = B(θ − γ̂2 ξ2

σ2
a

− λ) , (A.26)

A = B
θ − γ̂2 ξ2

σ2
a

− λ

γ̂2 ξ2

σ2
a

− θ − λ
. (A.27)
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The final form of γs(γ̂t) can be further simplified to

γs(γ̂t) = σ2
a

ξ2
(θ + λ

θ−γ̂2
t

ξ2

σ2
a

−λ

γ̂2
t

ξ2

σ2
a

−θ−λ
Beλs − Be−λs

θ−γ̂2
t

ξ2

σ2
a

−λ

γ̂2
t

ξ2

σ2
a

−θ−λ
Beλs + Be−λs

) , (A.28)

= σ2
a

ξ2
(θ + λ

θ−γ̂2
t

ξ2

σ2
a

−λ

γ̂2
t

ξ2

σ2
a

−θ−λ
eλs − e−λs

θ−γ̂2
t

ξ2

σ2
a

−λ

γ̂2
t

ξ2

σ2
a

−θ−λ
eλs + e−λs

) , (A.29)

= σ2
a

ξ2
(θ + λ

(θ − γ̂2
t

ξ2

σ2
a

− λ)eλs − (γ̂2
t

ξ2

σ2
a

− θ − λ)e−λs

(θ − γ̂2
t

ξ2

σ2
a

− λ)eλs + (γ̂2
t

ξ2

σ2
a

− θ − λ)e−λs
) , (A.30)

= σ2
a

ξ2
(θ + λ

λ sinh(λs) − (θ − γ̂2
t

ξ2

σ2
a

) cosh(λs)

λ cosh(λs) − (θ − γ̂2
t

ξ2

σ2
a

) sinh(λs)
) . (A.31)

A.2.2 Final Problem

To obtain the final solution of the real-option problem, we consider the following deterministic initial

value problem:

γs(γ̂t) = σ2
a

ξ2
(θ + λ

λ sinh(λs) − (θ − γ̂2
t

ξ2

σ2
a

) cosh(λs)

λ cosh(λs) − (θ − γ̂2
t

ξ2

σ2
a

) sinh(λs)
) . (A.32)

The updated problem that agent j solves is as follows:

Ṽ j
t (π̂, i) = min

τ
{ sup

τ≥0
Et[e−iτ−πτ (eπ̂τ − eπ̂τ0 )+], sup

τ≥0
Et[e−iτ−πτ (eπ̂τ0 − eπ̂τ )+]} . (A.33)

Within each month, the dynamics of the processes involved for agent j are as follows:

dπ̂j =µ̂j
π̂ds + γs(γ̂j

t )ξdW̃ j
s , (A.34)

dπs = 1
N

N

∑
j=1

dπ̂j
s . (A.35)

In what follows, we transform the optimization problem of the agents into an optimal stopping

problem of an exchange option contract. We first transform the problem into the canonical exchange

option format and then derive the dynamics of the ‘quotient’ security. We next derive the call option.

The derivation for the put option is analogous; see the case in McDonald and Siegel, 1986.
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Perpetual American Exchange Option The agents solve for the optimal stopping time of the

objective:

sup
0≤τ

Et[e−iτ−πτ (eπ̂τ − eπ̂τ0 )+] . (A.36)

The dynamics of the two random processes are derived using Itô’s lemma:

d(eπ̂j

) = eπ̂j

((µ̂j + 1
2
(ξγj

s)2)ds + ξγj
sdWs) , (A.37)

∶= dSj = Sj(µSj ds + σSj dW Sj
s ) , (A.38)

d(eπt) = eπ 1
N

N

∑
j=1

((µj + 1
2
(σj)2)ds + γs

jξdKj
t ) , (A.39)

∶= dΨ = Ψ(µΨds + σΨdW Ψ
s ) , (A.40)

where µΨ = 1
N ∑N

j=1 µj+1
2
(σj)2 is the arithmetic average over the individual drifts and σΨ = 1

N

√
∑N

j=1 σ2
Sj

.

The agents use the drift and variance estimates from the previous period to infer these values anew

each period. In this article, we denote these estimates by µ̂π and σ̂π, respectively.

Rewriting the maximization objective with the above derivations yields the following:

sup
0≤τ

Et[e−iτ Ψ−1
s (Sj,s − Sj,0)+] . (A.41)

The next step is deriving the dynamics of Ψ−1
t Sj,t:

d(Ψ−1
s Sj,s) = dUs = Us(− 1

Ψs
dΨs + 1

Sj,s
dSj,s − σΨσSj ϱΨ,Sj ds + σ2

Ψds) , (A.42)

= Us(−µΨds − σΨdW Ψ
s + µSj ds + σSj dW Sj

s − σΨσSj ϱΨ,Sj ds + σ2
Ψds) , (A.43)

= Us((µSj − µΨ − σΨσSj ϱΨ,Sj + σ2
Ψ)ds + σSj dW Sj

s − σΨdW Ψ
s ) , (A.44)

∶= Us(µU ds + σU dW U
s ) , (A.45)

where σU =
√

σ2
Sj

+ σ2
Ψ − 2Cov(Ψs, Sj,s).

Below, we derive the covariance between Ψs and Sj,s. Notably, at the start of period t, i.e., for
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s = 0, the information set on which the agents rely is equal to the set that they have for s > 0. As

period t transitions to period t+1, the information sets become increasingly dissimilar. We account for

this increasing dissimilarity by introducing the decreasing autocorrelation function ϱs. The covariance

of the two processes Ψs and Sj,s is as follows:

Cov(Ψs, Sj,s) = σΨσSj E[dW Ψ
s dW Sj

s ] , (A.46)

= σΨσSj E[( 1
N

∑
j

dW Sj
s )dW Sj

s ] , (A.47)

= σΨσSj E[( 1
N

( ∑
j≠b

dW Sj
s + ϱsdW Sj

s +
√

1 − ϱ2
sdW Sj

s
⊥))dW Sj

s ] , (A.48)

= σΨσSj

ϱs

N
. (A.49)

where ϱs denotes the autocorrelation from t ≤ t + s ≤ t + 1 of the Wiener process dW
Sj
s : ϱs =

√
1

s+1
.

Notably, we can replace N with Ñ in all of the following computations to refer to agent-specific weights

instead of equal weighting for the average computations, which enables us to incorporate different levels

of pricing power into the model. Pricing power is the inverse of Ñ : 1/Ñ .

The maximization objective can now be expressed as follows:

sup
0≤τ

Et[e−iτ (Us − Sj,0Ψ−1
s )+] . (A.50)

To solve for the optimal stopping time, we derive the dynamics of Sj,0/Ψs:

d
Sj,0

Ψs
= dVs = VsSj,0( − 1

Ψs
dΨs + σ2

Ψds) , (A.51)

= VsSj,0( − µΨds − σΨdW Ψ
s + σ2

Ψds) , (A.52)

= VsSj,0(( − µΨ + σ2
Ψ)ds − σΨdW Ψ

s ) , (A.53)

= Vseπ̂τ0 (( − µΨ + σ2
Ψ)ds − σΨdW Ψ

s ) , (A.54)

∶= Vseπ̂τ0 (µV ds + σV dWV ) , (A.55)

where σ2
V = σ2

Ψ and µV = −µΨ + σ2
Ψ.
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The covariance between the processes Us and Vs is given by

Cov(Us, Vs) = σU σΨE[dW U
s dWV ] , (A.56)

= −σU σΨE[
σSj dW

Sj
s − σΨdW Ψ

s

σU
dW Ψ

s ] , (A.57)

= −σU σΨ

σSj ϱΨ, Sj − σΨ

σU
, (A.58)

= −σΨσSj ϱΨ, Sj + σ2
Ψ = −σΨσSj

ϱs

Ñ
+ σ2

Ψ . (A.59)

Finally, we arrive at the canonical form of the real-option problem as in McDonald and Siegel, 1986

or Wong, 2008:

sup
0≤τ

Et[e−iτ (Us − Vs)+] . (A.60)

We define the following variables:

δ1 ∶= i − µSj
+ µΨ + σΨσSj

ϱs

Ñ
− σ2

Ψ , (A.61)

≡ i − µ̂π̂ + µ̂π + γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ) − σ̂2

π (A.62)

δ2 ∶= i + µΨ − σ2
Ψ ≡ i + µ̂π − σ̂2

π . (A.63)

For the variance,

σ =
√

σ2
U + σ2

V − 2Cov(Us, Vs) , (A.64)

=
√

σ2
Sj

+ σ2
Ψ − 2σΨσSj

ϱt

Ñ
+ σ2

Ψ + 2(σΨσSj

ϱt

Ñ
− σ2

Ψ) , (A.65)

= σSj = γs(γ̂t)ξ . (A.66)

From the results in Wong, 2008, the optimal exercise boundaries are the solutions to the following:

(it + µ̂π − σ̂2
π)Ω(ω̂∗

s ) = (µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ))ω̂∗

s ∂ω̂sΩ(ω̂∗
s ) + 1

2
γ2

s (γ̂t)ξ2ω̂∗
s

2∂2
ω̂s

Ω(ω̂∗
s ) .

(A.67)
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A.2.3 Exercise Boundaries for the State-Dependent Repricing Regime

The state-dependent repricing regime corresponds to set D2 in Wong, 2008 and to the case in McDonald

and Siegel, 1986. The exercise boundary in log-space is given by

L = π̂τ0 + ln( ϕ+

ϕ+ − 1
) (A.68)

where ϕ± is defined as follows:

ϕ± = 1
2

− δ2 − δ1

σ2
±

√
(δ2 − δ1

σ2
− 1

2
)

2

+ 2δ2

σ2
, (A.69)

= 1
2

−
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

±

�
����⎛

⎝
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2

⎞
⎠

2

+ 2(i + µ̂π − σ̂2
π)

ξ2γ2
s (γ̂t)

.

(A.70)

Its derivative with respect to the interest rate i is as follows:

∂ϕ+

∂i
= 1

ξ2γ2
s (γ̂t)

1√
( µ̂π̂−γs(γ̂t)ξ(σ̂π

ϱs
Ñ

− 1
2 γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2
)

2

+ 2(i+µ̂π−σ̂2
π)

ξ2γ2
s (γ̂t)

, (A.71)

and
∂ϕ−

∂i
= − 1

ξ2γ2
s (γ̂t)

1√
( µ̂π̂−γs(γ̂t)ξ(σ̂π

ϱs
Ñ

− 1
2 γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2
)

2

+ 2(i+µ̂π−σ̂2
π)

ξ2γ2
s (γ̂t)

. (A.72)

The set D3 in Wong, 2008 has two exercise boundaries. The option is exercised if the process enters

the interval between the two boundaries. As the model does not contain jumps, the boundary closer

to the current value is the determining boundary.

L = π̂τ0 + ln( ϕ−

ϕ− − 1
) , (A.73)

L = π̂τ0 + ln( ϕ+

ϕ+ − 1
) . (A.74)

In our case, owing to the assumptions on the process, in particular, owing to the assumption of

continuity, D2 and D3 have the same boundaries.

The last set with a boundary is the set D4. The boundary in this set can be chosen freely as

long as it does not coincide with the starting point. Because our agents hold a put option and a
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the interval between the two boundaries. As the model does not contain jumps, the boundary closer

to the current value is the determining boundary.

L = π̂τ0 + ln( ϕ−
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L = π̂τ0 + ln( ϕ+
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In our case, owing to the assumptions on the process, in particular, owing to the assumption of

continuity, D2 and D3 have the same boundaries.

The last set with a boundary is the set D4. The boundary in this set can be chosen freely as

long as it does not coincide with the starting point. Because our agents hold a put option and a
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call option, both options would be immediately exercised. As noted in the previous literature, there

is no continuous price updating. However, because the price updating is always optimal and at the

discretion of the agents, we conjecture that each agent sets the boundary at which it updates its price.

We rationalize this choice by assuming that each agent has a fixed menu cost.

Perpetual American Exchange Option–Put Owing to the symmetry of exchange options, we

have the following:

No exercise boundaries for the no-repricing regime.

The state-dependent regime corresponds to the case of the optimal scrapping time in McDonald

and Siegel, 1986, and the exercise boundary is given by

L = π̂τ0 + ln(ϕ+ − 1
ϕ+

) . (A.75)

We again have no distinction for D3 in Wong, 2008. Finally, we impose idiosyncratic bounds for the

idiosyncratic-repricing regime.

A.3 Expected Price Change

The expected price change within a period is determined by the probability of hitting the optimal

exercise boundaries. For a given period (t = 1), the expected price change is the probability of hitting

the upper bound (b1) before the lower bound, multiplied by the size of the upper bound, plus the

probability of hitting the lower bound (b2) before the upper bound, multiplied by the size of the lower

bound. Formally,

E[∆p∣t = 1] = b1P[b1, t = 1](1 − P[b2, t = 1]) + b2P[b2, t = 1](1 − P[b1, t = 1]) , (A.76)

= b1P[b1, t = 1] + b2P[b2, t = 1] − (b1 + b2)P[b1, t = 1]P[b2, t = 1] . (A.77)
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A.3.1 State-Dependent Repricing–D2 and D3

In the state-dependent repricing regime, the boundaries are symmetric, namely, b1 = −b2. When we

set b1 = b and b2 = −b, the cross term (b1 + b2) vanishes:

E[∆p∣t = 1] = b1P[b1, t = 1] + b2P[b2, t = 1] − (b1 + b2)P[b1, t = 1]P[b2, t = 1] , (A.78)

= b(P[b1, t = 1] − P[b2, t = 1]) . (A.79)

For an upper boundary b1 and a time t, the general solution for the CDF of the running maximum

of a drifted Brownian motion that exceeds b1 is given by (Privault, 2022):

P[b1, t] = 1 − Φ(b1 − µt√
t

) + e2µb1Φ(−b1 − µt√
t

) , (A.80)

and the corresponding probability for the running minimum that exceeds a lower boundary b2 is as

follows:

P[b2, t] = Φ(b2 − µt√
t

) + e2µb2Φ(b2 + µt√
t

) . (A.81)

We set t = 1, b1 = b, and b2 = −b and substitute these probabilities back into the expectation:

E[∆p∣t = 1] = b(P[b1, t = 1] − P[b2, t = 1]) , (A.82)

= b(1 − Φ(b − µ) + e2µbΦ( − b − µ) − (Φ( − b − µ) + e−2µbΦ( − b + µ))) , (A.83)

= b((1 − Φ(b − µ)) + e2µbΦ( − b − µ) − Φ( − b − µ) − e−2µbΦ( − b + µ)) . (A.84)

Using the symmetry property of the standard normal CDF, 1− Φ(b − µ) = Φ(−b + µ), we can factor the

expression as follows:

E[∆p∣t = 1] = b(Φ( − b + µ) − e−2µbΦ( − b + µ) + e2µbΦ( − b − µ) − Φ( − b − µ)) , (A.85)

= b((1 − e−2µb)Φ( − b + µ) − (1 − e2µb)Φ( − b − µ)) . (A.86)

In the context of our model, the log boundary size is b = ln(L). By substituting this size, along

with the realized drift µ̃π̂ (the drift of the expectation process such that dÎ/σ2
a is a martingale), we
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with the realized drift µ̃π̂ (the drift of the expectation process such that dÎ/σ2
a is a martingale), we
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obtain the following:

E[∆p∣t = 1] = ln(L)((1 − e−2µ̃π̂ ln(L))Φ(− ln(L) + µ̃π̂) − (1 − e2µ̃π̂ ln(L))Φ(− ln(L) − µ̃π̂)) . (A.87)

A.3.2 Idiosyncratic Repricing–D4

In the idiosyncratic repricing regime, the upper bound (B) is not necessarily symmetric to the lower

bound (b), namely, the cross term does not necessarily vanish. Substituting the full probability formula

yields the following:

E[∆p∣t] = b1P[b1, t] + b2P[b2, t] − (b1 + b2)P[b1, t]P[b2, t] , (A.88)

= b1(1 − Φ(b1 − µt√
t

) + e2µb1Φ(−b1 − µt√
t

)) + b2(Φ(b2 − µt√
t

) + e2µb2Φ(b2 + µt√
t

)) (A.89)

− (b1 + b2)(1 − Φ(b1 − µt√
t

) + e2µb1Φ(−b1 − µt√
t

))(Φ(b2 − µt√
t

) + e2µb2Φ(b2 + µt√
t

)) . (A.90)

Setting t = 1, b1 = B, and b2 = b and using the realized drift µ̃π̂ yields the following expected log

price change for the model:

E[∆p∣t = 1] = B(1 − Φ(B − µ̃π̂) + e2µ̃π̂BΦ( − B − µ̃π̂)) (A.91)

+ b(Φ(b − µ̃π̂) + e2µ̃π̂bΦ(b + µ̃π̂)) (A.92)

− (B + b) (A.93)

⋅ (1 − Φ(B − µ̃π̂) + e2µ̃π̂BΦ( − B − µ̃π̂)) (A.94)

⋅ (Φ(b − µ̃π̂) + e2µ̃π̂bΦ(b + µ̃π̂)) . (A.95)

A.4 Boundaries for the Regimes

In appreciation of the work done in Wong, 2008, we refer to the regimes by the names given therein.

Our state-dependent repricing regime corresponds to sets D2 and D3, set D4 corresponds to our

idiosyncratic repricing regime, and set D5 corresponds to our no-repricing regime. Notably, because

the reactions of the firms are identical in D2 and D3 and D1 has a probability of zero with continuous

variables, the thresholds of interest distinguish D4 and D5. D2 and D3 can be derived simply as the

complement: 1 − P[D4] − P[D5]. We derive the boundaries for D4 and D5 below:
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A.4.1 Idiosyncratic Repricing–D4

By rearranging the result in Wong, 2008, the boundary is obtained as follows:

δ2 < 0 ∩ ∣δ1 − δ2 + σ2

2
∣ <

√
−2δ2σ2 (A.96)

By substituting the variables of our model, and given that γs(γ̂t)ξ ≠ 0, we obtain the following:

i + µ̂π − σ̂2
π < 0 (A.97)

�����������

γs(γ̂t)ξσ̂π
ϱs

Ñ
− µ̂π̂

γs(γ̂t)ξ

�����������
<

√
−2(i + µ̂π − σ̂2

π) (A.98)

A.4.2 No Repricing–D5

1
2

−
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

+

�
���(

µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2

)
2

+
2(i + µ̂π − σ̂2

π)
ξ2γ2

s (γ̂t)
≤ 1

(A.99)

�
���(

µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2

)
2

+
2(i + µ̂π − σ̂2

π)
ξ2γ2

s (γ̂t)
≤ 1

2
+

µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

(A.100)

(
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2

)
2

+
2(i + µ̂π − σ̂2

π)
ξ2γ2

s (γ̂t)
≤ (1

2
+

µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

)
2

(A.101)

(
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

− 1
2

)
2

+ 2(i + µ̂π − σ̂2
π)

ξ2γ2
s (γ̂t)

≤ (
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

+ 1
2

)
2

(A.102)

2(i + µ̂π − σ̂2
π)

ξ2γ2
s (γ̂t)

≤ 2(
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

)

(A.103)

i + µ̂π − σ̂2
π ≤ µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ) (A.104)

i ≤ µ̂π̂ − µ̂π + σ̂2
π − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ) .

(A.105)
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Ñ
− µ̂π̂

γs(γ̂t)ξ

�����������
<

√
−2(i + µ̂π − σ̂2

π) (A.98)

A.4.2 No Repricing–D5

1
2

−
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
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where in (A.100), the following must hold:

1
2

+
µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ)

ξ2γ2
s (γ̂t)

≥ 0 (A.106)

This inequality is strictly satisfied because of the positivity of the root; cases in which the root is

negative fall under D4.

The final condition for D5 is therefore as follows:

γs(γ̂t)ξσ̂π
ϱs

Ñ
≤ µ̂π̂ + γ2

s (γ̂t)ξ2 (A.107)

i + µ̂π − σ̂2
π ≤ µ̂π̂ − γs(γ̂t)ξ(σ̂π

ϱs

Ñ
− 1

2
γs(γ̂t)ξ) . (A.108)

A.4.3 Regime Probabilities and Convolutions

The effects of interest rates on the prevailing regime can be analyzed by examining the cross-sectional

distributions of the idiosyncratic parameters of firms. We derive the probability of firms occupying

either regime from our distributional assumptions on µ̂π̂ and γs(γ̂). Specifically, µ̂π̂ is Gaussian

distributed with mean µ̊t (the medium-term drift of excess demand representing inflationary pressure).

The expected mean-squared error γs(γ̂) for the N firms follows a scaled χ2
1 distribution: γs(γ̂) ∼ σ̊2

N
χ2

N .

Because γs(γ̂) is conditioned on both the reaction time s and the prior observed MSE c (itself scaled χ2
N

distributed) and because Gaussian updates are symmetric, the variable s does not bias the distribution

directionally.

Probability Density aχ4
k: Because the MSE (γ) follows a scaled χ2

1 distribution, N observations

follow χ2
N for an econometrician who knows the true σ̊. The PDF is expressed as follows:

P DF (MSE)(x) = P DF (χ2
k) (x

N

σ̊2
) N

σ̊2
=

( N
2σ̊2 )N/2

Γ(N/2) xN/2−1e−0.5 N
σ̊2 x (A.109)

45



46

We let χ4
k(x) be the PDF under the transformation y = x2, where X ∼ σ̊2

N
χ2

N :

P DF (χ4
k)(x) = P DF (MSE, σ)(y) = P DF (MSE)(x) − P DF (MSE)(−x) (A.110)

=
( N

2σ̊2 )N/2

Γ(N/2)
√

x
N/2−1e−0.5 N

σ̊2

√
x (A.111)

χ4
N,σ(x) =

( N
2σ̊2 )N/2

Γ(N/2) xN/4−1e−0.5 N
σ̊2 x (A.112)

Density X ′ + aX, where X ∼ σ̊2

N
χ2

k and X ′ ∼ N(µ, σ):

fχ2
k
(x) =

( N
2σ̊2 )N/2

Γ(N/2) xN/2−1e−0.5 N
σ̊2 x (A.113)

fN(µ,σ2)(x) = 1√
2π

e− 0.5
σ2 (x−µ)

2

(A.114)

For ease of presentation, we define the scaling variable a = σ̊2

N
v. The convolution yields the following:

χN(t; µ, σ, N, a) = ∫
∞

0
fχ2

N
(x) fN(µ,σ)(t − ax)dx (A.115)

= ∫
∞

0

1
2N/2Γ(N/2)xN/2−1e−0.5x 1√

2πσ
e− 0.5

σ2 (t−ax−µ)
2

dx (A.116)

= 1
2N/2+1/2

√
πσΓ(N/2) ∫

∞

0
xN/2−1e−0.5(x+ 1

σ2 (t−ax−µ)
2)dx (A.117)

= 1
2N/2+1/2

√
πσΓ(N/2)e−0.5 1

σ2 (t−µ)
2

⋅ ∫
∞

0
xN/2−1 exp (−0.5

a2

σ2
x2 − a

σ
x ( t

σ
− µ

σ
− 0.5

σ

a
)) dx (A.118)

= 1
2N/2+1/2

√
πσΓ(N/2)

a

σ
e−0.5 1

σ2 (t−µ)
2

∫
∞

0
zN/2−1e−0.5z2

−z( t
σ −

µ
σ −0.5 σ

a
)dz (A.119)

where z = a

σ
x

Notably, the parabolic cylinder function D−N/2( t
σ

− µ
σ

− 0.5 σ
a

) takes the following form:

D−N/2( t

σ
− µ

σ
− 0.5

σ

a
) = e−0.25( t

σ −
µ
σ −0.5 σ

a )
2

Γ(N/2) ∫
∞

0
xN/2−1e−0.5x2

−( t
σ −

µ
σ −0.5 σ

a )xdx (A.120)
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By applying this identity, we rewrite the density compactly:

χN(t; µ, σ, N, a) = 1
2N/2+1/2

√
πσΓ(N/2)

a

σ
e−0.5 1

σ2 (t−µ)
2

∫
∞

0
zN/2−1e−0.5z2

−z( t
σ −

µ
σ −0.5 σ

a
)dz (A.121)

= 1
2N/2+1/2

√
πσ

a

σ
e−0.5 1

σ2 (t−µ)
2

+0.25( t
σ −

µ
σ −0.5 σ

a )
2

D−N/2( t

σ
− µ

σ
− 0.5

σ

a
) (A.122)

With a = σ̊2

N
v substituted back, the density as a function of v becomes the following:

χN(t; µ, σ, N, v) = 1
2N/2+1/2

√
πN

ve−0.5 1
σ2 (t−µ)

2
+0.25( t

σ −
µ
σ −0.5 N

σv )
2

D−N/2( t

σ
− µ

σ
− 0.5

N

σv
) (A.123)

The density X ′ + aX + bX2, where X ∼ χ2
k and X ′ ∼ N(µ, σ): We define the transformation

g(x) = ax + bx2, where a = σ2

N
v and b = σ4

N2 w.

P DF (g(χ2
k))(x) = 1

2k/2Γ(k/2)(
√

a2 + 4bx − a

2b
)

k/2−1

exp ( − 1
2

√
a2 + 4bx − a

2b
) 1√

a2 + 4bx
(A.124)

fN(µ,σ2)(x) = 1√
2π

e− 0.5
σ2 (x−µ)

2

(A.125)

The convolution of the two functions is given by

χχ2N(t; µ, σ2, k, a, b) = ∫
∞

0

1
2k/2Γ(k/2)(

√
a2 + 4bx − a

2b
)

k/2−1

⋅ exp ( − 1
2

√
a2 + 4bx − a

2b
) 1√

a2 + 4bx

1√
2π

e− 0.5
σ2 (t−x−µ)

2

dx (A.126)

= 1
2k/2+1/2

√
πΓ(k/2) ∫

∞

0
(

√
a2 + 4bx − a

2b
)

k/2−1

⋅ exp ( − 1
2

√
a2 + 4bx − a

2b
− 0.5

σ2
(t − x − µ)2) 1√

a2 + 4bx
dx (A.127)

This result has no quasiclosed form, but substituting variables yields the following equivalent ex-

pression:

χχ2N(t; µ, σ2, k, a, b) = 1
2k/2+1/2

√
πΓ(k/2) ∫

∞

0
yk/2−1 exp ( − y

2
− 1

2σ2
(t − µ − by2 − ay)2)dy (A.128)
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This result can be expressed fully in terms of N , v, and w as follows:

χχ2N(t; µ, σ, N, v, w) = 1
2N/2+1/2

√
πΓ(N/2)

⋅ ∫
∞

0
yN/2−1 exp ( − y

2
− 1

2σ2
(t − µ − σ4

N2
wy2 − σ2

N
vy)2)dy (A.129)

Because γs(γ̂t) ∼ χ2
1 and µ ∼ N(µ̊, σ̊µ), Cochran’s theorem dictates that k = N holds in the convolutions.

Regime Probability for D1: By the continuity of the distribution, we have the following:

P[D1] = 0 (A.130)

Regime Probability for D4:

P[D4] = �[i < σ̂2
π − µ̂π] ∩ (A.131)

P[ −
√

−2(i + µ̂π − σ̂2
π) < −µ̂π̂ + γs(γ̂t)ξσ̂π

ϱs

Ñ
<

√
−2(i + µ̂π − σ̂2

π)] (A.132)

= �[i < σ̂2
π − µ̂π] ⋅ (A.133)

( ∫
√

−2(i+µ̂π−σ̂2
π)

−∞
χN(x; µ̊, σµ, N, σ̂π

ϱs

Ñ
ξ)dx + (A.134)

∫
√

−2(i+µ̂π−σ̂2
π)

−∞
χN(x; −µ̊, σµ, N, σ̂π

ϱs

Ñ
ξ)dx) (A.135)

∂P[D4]
∂i

= �[i < σ̂2
π − µ̂π] ⋅ (A.136)

( − 1√
−2(i + µ̂π − σ̂2

π)
χN(

√
−2(i + µ̂π − σ̂2

π); µ̊, σµ, N, −σ̂π
ϱs

Ñ
ξ) (A.137)

− 1√
−2(i + µ̂π − σ̂2

π)
χN(

√
−2(i + µ̂π − σ̂2

π); −µ̊, σµ, N, σ̂π
ϱs

Ñ
ξ)) (A.138)
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− 1√
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χN(

√
−2(i + µ̂π − σ̂2

π); −µ̊, σµ, N, σ̂π
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Regime Probability for D5:

P[D5] = (P[ − µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ) − ξ2γ2

s (γ̂t)
2

≤ 0]∩ (A.139)

P[ − µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ) < µ̂π + σ̂2

π − i])∪ (A.140)

(P[ − µ̂π̂ − γs(γ̂t)ξ(σ̂π
ϱs

Ñ
− 1

2
γs(γ̂t)ξ) − ξ2γ2

s (γ̂t)
2

> 0] ∩ P[1
2

σ2 < µ̂π + σ̂2
π − i]) (A.141)

= (P[ − µ̂π̂ − γs(γ̂t)ξσ̂π
ϱs

Ñ
≤ 0]∩ (A.142)

P[ − µ̂π̂ − γs(γ̂t)ξσ̂π
ϱs

Ñ
+ 1

2
γ2

s (γ̂t)ξ2 < µ̂π + σ̂2
π − i])∪ (A.143)

(P[ − µ̂π̂ − γs(γ̂t)ξσ̂π
ϱs

Ñ
> 0] ∩ P[1

2
σ2 < µ̂π + σ̂2

π − i]) (A.144)

= ∫
0

−∞
χN(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ)dx ⋅ ∫

µ̂π+σ̂2
π−i

−∞
χχ2N(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ,

1
2

ξ2)dx+ (A.145)

(1 − ∫
0

−∞
χN(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ)dx) ∫

2(µ̂π+σ̂2
π−i)

−∞
χ4

k(t)dt (A.146)

= ∫
2(µ̂π+σ̂2

π−i)

0
χ4

k(t)dt + ∫
0

−∞
χN(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ)dx⋅ (A.147)

( ∫
µ̂π+σ̂2

π−i

−∞
χχ2N(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ,

1
2

ξ2)dx − ∫
2(µ̂π+σ̂2

π−i)

0
χ4

k(t)dt) (A.148)

∂P[D5]
∂i

= −2χ4
k(2(µ̂π + σ̂2

π − i)) + ∫
0

−∞
χN(x; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ)dx⋅ (A.149)

( − χχ2N(µ̂π + σ̂2
π − i; −µ̊, σµ, N, −σ̂π

ϱs

Ñ
ξ,

1
2

ξ2) + 2χ4
k(2(µ̂π + σ̂2

π − i))) (A.150)
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B Data Appendix

B.1 Excess Liquidity

Excess liquidity, as described in Reynard, 2006, is a proxy with a more elaborate structure than that of

the atmosphere. Excess liquidity captures the relationship among the broad monetary aggregate M2,9

the potential GDP, and the ten-year interest rate. It has been shown to consistently correlate with

inflation in Switzerland (Kugler and Reynard, 2022). Furthermore, conditional correlations of excess

liquidity can be traced through different markets with different lags, where the first market to react

to changes in excess liquidity is the financial market, the second is the housing market, and the last is

the consumption market, which is in line with the financial market pass-through channel of monetary

policy (Caballero and Simsek, 2024). Below, we show these correlations and their lags by plotting the

correlation coefficients of excess liquidity for different lags of the CPI, the cyclically adjusted price

earnings ratio (CAPE ratio) (Graham and Dodd, 1934, Campbell and Shiller, 1988) as a proxy for the

price of the stock market, and the hedonic housing price index provided by Wüest Partner.

Figure 8: Coefficients of OLS regressions for different lags in different
markets

(a) Consumer Price Index (b) Swiss CAPE - Ratio

(c) Hedonic Housing Prices

Notes: The coefficients for a regression of excess liquidity on the different price measures. 95% confidence intervals
computed with HC3 standard errors are shaded. All regressions are in nominal terms, control for the real effective
exchange rate, and the price of Brent crude. The US-CAPE ratio is added for the Swiss-CAPE ratio regression to
control for spillover effects from the US stock market.

9M2 includes the banknotes, sight and savings deposits, and transaction accounts of Swiss residents.
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The validity of excess liquidity as a signal for the policy stance that the SNB takes is shown in

Figure 8 by showing the positive conditional correlation that the variable displays over the different

markets. Furthermore, the correlation is positive first for financial markets (approximately six months

of lag), then for housing markets (approximately twelve months of lag), and finally for consumption

markets (approximately 40 months of lag). We would expect this order, given the financial market

transmission channel, where financial markets set the conditions for the real economy and markets

closely related to the financial markets, such as the housing market, react with longer lags but before

consumer markets, which are arguably the most distant from the financial markets.

The idea behind excess liquidity is to build an indicator of the policy stance from a combination of

different variables with indicative power (Reynard, 2007). As a short overview of the main ideas, excess

liquidity is composed of the monetary aggregate M2, which measures the money supply. It adjusts

this measure for potential output, thus accounting for the fact that if money increases together with

potential output, there are no inflationary pressures. It takes into account the ten-year interest rate

to control for the velocity of money. Money demand includes different potential transmission channels

for monetary policy and is well suited for use in Switzerland. Despite a transformed long-term interest

rate being included in excess liquidity, we also include the short-term interest rate as a policy tool in

the model directly. The pass-through behavior of interest rate policy from short- to long-term rates

might change near the zero lower bound (Baeriswyl et al., 2021), which is predominant during the

sample period that we analyze.

B.2 Additional Results
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Table 3: Results from the bootstrap tests

(a) Panel 1: δ = 0.05

Date Upper Lower

2019-06-01 0.125 0.142

2019-07-01 0.284 0.062∗

2019-08-01 0.044∗∗ 0.029∗∗

2019-09-01 0.041∗∗ 0.080∗

2019-10-01 0.014∗∗ 0.004∗∗∗

2019-11-01 0.025∗∗ 0.067∗

2019-12-01 0.029∗∗ 0.026∗∗

2020-01-01 0.057∗ 0.075∗

2020-03-01 0.112 0.020∗∗

2020-04-01 0.030∗∗ 0.051∗

2020-05-01 0.004∗∗∗ 0.021∗∗

2020-06-01 0.056∗ 0.035∗∗

2020-07-01 0.020∗∗ 0.022∗∗

2022-09-01 0.039∗∗ 0.254

2022-10-01 0.020∗∗ 0.026∗∗

2022-11-01 0.100 0.033∗∗

2022-12-01 0.023∗∗ 0.027∗∗

2023-01-01 0.008∗∗∗ 0.031∗∗

2023-02-01 0.929 1.000

2023-03-01 0.998 0.970

2023-04-01 0.900 0.412

2023-05-01 0.068∗ 0.063∗

2023-06-01 0.017∗∗ 0.059∗

2023-07-01 0.003∗∗∗ 0.037∗∗

2023-08-01 0.055∗ 0.007∗∗∗

2023-09-01 0.048∗∗ 0.018∗∗

2023-10-01 0.086∗ 0.018∗∗

2023-11-01 0.022∗∗ 0.036∗∗

2023-12-01 0.019∗∗ 0.031∗∗

2024-01-01 0.470 0.179

2024-02-01 0.023∗∗ 0.313

2024-03-01 0.028∗∗ 0.216

2024-04-01 0.008∗∗∗ 0.042∗∗

2024-05-01 0.074∗ 0.075∗

(b) Panel 2: δ = 0.075

Date Upper Lower

2019-06-01 0.119 0.158

2019-07-01 0.260 0.056∗

2019-08-01 0.031∗∗ 0.025∗∗

2019-09-01 0.056∗ 0.082∗

2019-10-01 0.018∗∗ 0.004∗∗∗

2019-11-01 0.024∗∗ 0.072∗

2019-12-01 0.053∗ 0.039∗∗

2020-01-01 0.040∗∗ 0.075∗

2020-03-01 0.101 0.032∗∗

2020-04-01 0.017∗∗ 0.054∗

2020-05-01 0.005∗∗∗ 0.028∗∗

2020-06-01 0.064∗ 0.035∗∗

2020-07-01 0.022∗∗ 0.016∗∗

2022-09-01 0.040∗∗ 0.259

2022-10-01 0.024∗∗ 0.026∗∗

2022-11-01 0.087∗ 0.030∗∗

2022-12-01 0.013∗∗ 0.015∗∗

2023-01-01 0.007∗∗∗ 0.037∗∗

2023-02-01 0.975 1.000

2023-03-01 1.000 0.985

2023-04-01 0.893 0.399

2023-05-01 0.058∗ 0.100

2023-06-01 0.025∗∗ 0.037∗∗

2023-07-01 0.007∗∗∗ 0.038∗∗

2023-08-01 0.086∗ 0.010∗∗∗

2023-09-01 0.043∗∗ 0.030∗∗

2023-10-01 0.076∗ 0.021∗∗

2023-11-01 0.021∗∗ 0.022∗∗

2023-12-01 0.026∗∗ 0.057∗

2024-01-01 0.472 0.234

2024-02-01 0.035∗∗ 0.332

2024-03-01 0.035∗∗ 0.174

2024-04-01 0.008∗∗∗ 0.046∗∗

2024-05-01 0.106 0.076∗

(c) Panel 3: δ = 0.1

Date Upper Lower

2019-06-01 0.142 0.161

2019-07-01 0.213 0.041∗∗

2019-08-01 0.030∗∗ 0.024∗∗

2019-09-01 0.075∗ 0.096∗

2019-10-01 0.022∗∗ 0.003∗∗∗

2019-11-01 0.029∗∗ 0.082∗

2019-12-01 0.084∗ 0.047∗∗

2020-01-01 0.047∗∗ 0.081∗

2020-03-01 0.118 0.039∗∗

2020-04-01 0.018∗∗ 0.048∗∗

2020-05-01 0.010∗∗∗ 0.036∗∗

2020-06-01 0.053∗ 0.031∗∗

2020-07-01 0.025∗∗ 0.026∗∗

2022-09-01 0.023∗∗ 0.219

2022-10-01 0.015∗∗ 0.020∗∗

2022-11-01 0.084∗ 0.029∗∗

2022-12-01 0.013∗∗ 0.012∗∗

2023-01-01 0.004∗∗∗ 0.040∗∗

2023-02-01 0.988 1.000

2023-03-01 1.000 0.989

2023-04-01 0.897 0.376

2023-05-01 0.067∗ 0.101

2023-06-01 0.026∗∗ 0.020∗∗

2023-07-01 0.006∗∗∗ 0.055∗

2023-08-01 0.077∗ 0.012∗∗

2023-09-01 0.041∗∗ 0.060∗

2023-10-01 0.073∗ 0.023∗∗

2023-11-01 0.021∗∗ 0.025∗∗

2023-12-01 0.025∗∗ 0.042∗∗

2024-01-01 0.451 0.254

2024-02-01 0.052∗ 0.314

2024-03-01 0.045∗∗ 0.181

2024-04-01 0.008∗∗∗ 0.025∗∗

2024-05-01 0.064∗ 0.072∗
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