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Time Vintage ∆pi,n�1 ∆pi,n 1tτi,n � s^∆pi,n ¡ 0u 1tτi,n � s^∆pi,n   0u
t-1 - - - 0 0
t - - 0.1 1 0

t+1 t 0.1 - 0 0
t+2 t 0.1 - 0 0
t+3 t 0.1 0.02 1 0
t+4 t� 3 0.02 - 0 0
t+5 t� 3 0.02 -0.05 0 1

... ... ... ... ... ...

Table OA.1: Example Dataset. Here, a product first changes prices at t by 0.1, and then
again at t� 3, by 0.02, and once more at t� 5, by �0.05.

OA.A Additional Empirical Results

OA.A.1 Extensive Margin

This section contains results for the extensive margin. In particular, we consider the following
two regression specifications:

1tτi,n � s^∆pi,n ¡ 0u � Fixed Effects� βu∆pi,n�1 � Error, (OA.A.1)
1tτi,n � s^∆pi,n   0u � Fixed Effects� βd∆pi,n�1 � Error, (OA.A.2)

where 1tτi,n � s^∆pi,n ¡ 0u is a dummy variable that equals 1 if the price increases at time
s and 0 otherwise. The second specification is the same, but for price cuts. Importantly, we
run the regression for all s until there is a price change. For example, suppose that a product
that has been observed since t � 1 first changes prices at t by 0.1, and then again at t � 3,
by 0.02, and once more at t � 5 by �0.05. Table OA.1 shows what the dataset would look
like. Essentially, the specifications (OA.A.1)-(OA.A.2) estimate how much the probability
of the price increasing (decreasing) in the next period changes based on the size of the last
price change.

Table OA.2 presents the results for the UK, and Figure OA.A.1 shows the results for
Argentina. As we can see, the patterns are intuitively consistent with the reversals in sizes
we documented above: price increases predict a lower probability of increasing the price
again, and a higher probability of cutting the price. For the UK, there are also significant
differences across categories by frequency: coefficients are larger in magnitude when the
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Sales Filter βu βd
Low High Difference Low High Difference

V-Shaped -0.099***
(0.015)

-0.219***
(0.012)

-0.120***
(0.019)

0.139***
(0.021)

0.305***
(0.013)

0.166***
(0.025)

NS(A) -0.068***
(0.011)

-0.198***
(0.015)

-0.130***
(0.019)

0.152***
(0.023)

0.345***
(0.015)

0.194***
(0.028)

KM -0.111***
(0.011)

-0.148***
(0.005)

-0.037***
(0.012)

0.100***
(0.010)

0.150***
(0.006)

0.050***
(0.011)

Table OA.2: Estimates of predictability regressions (OA.A.1)-(OA.A.2) in different subsam-
ples. All regressions include time-by-cell fixed effects. “Low” corresponds to categories with
low frequency of price changes (below the average frequency of one price change every 9.23
months), whereas “high” means categories with high frequency. Each row represents a dif-
ferent treatment of sales: row 1 uses a V-shaped filter, row 2 uses Filter A in Nakamura
and Steinsson (2008), row 3 uses the Kehoe and Midrigan (2015) filter. Standard errors are
clustered by item.

frequency is higher.
For the Argentine case, the effect on the probability of increasing is more sensitive

during the Milei period, but the probability of cutting prices is less sensitive. Given that
inflation interacts with the probability of price changes in a non-linear way, it is less clear
what should happen with predictability coefficients: when inflation is as high as 25% per
month, there are essentially no price cuts, so affecting their probability is much harder. The
fact that I find an effect on the probability of price cuts for a period of such high inflation
is remarkable.

OA.A.2 Small and Large Chains

The UK database includes a classification of shop types in which the product is sold. Each
shop belongs to one of two categories: “Multiple” represents chains with ten or more outlets,
whereas “Independent” represents chains with nine or fewer outlets. Table OA.3 presents
the results when we run (3.1) splitting the sample by shop type. As we can see, no clear
pattern emerges: for the V-shaped filter the difference is not significant, whereas the other
filters show significant results, but in opposite directions. Overall, these results show that
the size of the chain does not correlate with the strength of reversals in a clear way.
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Figure OA.A.1: Estimates of extensive margin regression coefficients (OA.A.1) and (OA.A.2)
for Argentina.

OA.A.3 Correlation Between Frequency and Size of Price Changes

Figure OA.A.2 presents the scatter plot of the average size of price changes and frequency,
computed for each item in the UK sample. The red line corresponds to a fitted quadratic.
As we can see, the relation is non-monotone, and the R2 is very low. This indicates that the
relation between these two variables is quite weak.

OA.B Additional Theoretical and Quantitative Results

OA.B.1 A Deeper Dive Into Existing Signal Extraction Models

Consider the setup in Baley and Blanco (2019). The true price gap x follows dx � σfdW �
σuutdQt, where utQt is a compound Poisson process, where ut is normal and Qt is a counting
process. Firms do not observe the gap directly, but observe continuous signals st, which
satisfy dst � xdt � γdZ, where dZ is noise. Assuming profits are quadratic and overall
Gaussianity, the firm has two state variables: its perceived gap x̂t � Erxt|Its, and its uncer-
tainty about it, Ωt � Erpxt � x̂tq2|Its{γ, where It is the information set of the firm. Baley
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Sales Filter β1
Multiple Independent Difference

No filter -0.745***
(0.013)

-0.504***
(0.011)

0.240***
(0.017)

Flag -0.505***
(0.012)

-0.450***
(0.009)

0.055***
(0.015)

V-Shaped -0.347***
(0.010)

-0.364***
(0.014)

-0.017
(0.017)

NS(A) -0.327***
(0.010)

-0.373***
(0.014)

-0.047***
(0.017)

KM -0.362***
(0.020)

-0.297***
(0.029)

0.065*
(0.035)

Table OA.3: Estimates of predictability regressions in (3.1) in different subsamples. Per ONS
classification, “Multiple” represents chains with ten or more outlets, whereas “Independent”
represents chains with nine or fewer outlets. Standard errors are clustered by item.

and Blanco (2019) show that dx̂ � ?
ΩtdẐt, where Ẑt is a Wiener process under the firm’s

information set. Given symmetry of the setup, it is optimal for firms to close their perceived
price gaps in expectation, so price changes satisfy pτi,n � pτi,n�1 � �x̂τi,n . Consider now
the covariance between two consecutive price changes, where for simplicity we condition on
τi,n�1 � t, i.e., the first price change occurs at time t for all firms being compared. Given
that price gaps have mean zero, the covariance between consecutive price changes is thus
Covp∆pi,n�1,∆pi,nq � Erx̂tx̂τi,ns. But Erx̂tx̂τi,ns � Erx̂tErx̂τi,n |Itss � 0: since x̂t follows a
Brownian process under the information set of the firm, it is a martingale, and since it starts
at zero after reset, its conditional mean is zero. Thus, this model implies zero predictability.

While quite general, the proof above does not make the mechanism explicit when
considering standard signal-extraction problems. In order to shed light on this, consider
a stylized setup similar to Afrouzi et al. (2026). Assume a time-dependent model where
we reset deterministically every T periods as in Taylor (1979) and everything is Gaussian.
Assume the pricer has a prior p�t � N pp̂t, Utq, and each time we change prices, we get a signal
s � p� � σuu.1 Assume that p� follows a Brownian motion, and the noise u is independent.
Assume that when an opportunity to adjust prices arrives, the pricer sets pt � p̂t, i.e., it
fully closes its price gap. As usual, this is optimal if the profit function is symmetric and
there is no trend inflation.

1This is for analytical convenience. A similar point would apply if we continuously observed signals as in
Baley and Blanco (2019).
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Figure OA.A.2: Scatter plot of the frequency of price changes (number per year, horizontal
axis) and their average absolute size |∆p| (vertical axis). Each dot represents an item; the
circle’s size indicates the number of price changes in that item. The red line shows the fit of
the regression |∆p|i � γ0 � γ1Ni � γ2pNiq2 � ui. The figure also reports the corresponding
R2.

Assume that we are in a stationary environment, and that the best guess for the mean
of p�t is updated according to

p̂t�T � Kp̂t � p1�Kqst�T .

I study what happens with predictability for arbitrary values of K. Note that optimal
Bayesian inference for an agent that tracks p̂ features:

K � 1{Ut�T
1{Ut�T � p1{σ2

uq
.

Let’s derive the stationary values of uncertainty. First, note that after reset, uncertainty
starts at U and right before reset rises to Ū � U � σ2T , where σ2 is the variance of the
fundamental. In order to find U , note that due to the Bayesian updating, 1{U � 1

Ū
� 1

σ2
u

so U � Ūσ2
u

Ū � σ2
u

. Putting both equations together we obtain P pŪq � 0, where P pxq �

x2 � σ2Tx� σ2
uσ

2T . This has two roots, Ū � σ2T �apσ2T q2 � 4σ2
uσ

2T

2 . I take the positive

one, Ū � σ2T �apσ2T q2 � 4σ2
uσ

2T

2 , and thus U � �σ2T �apσ2T q2 � 4σ2
uσ

2T

2 . Iterating
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the updating equation backwards:

p̂t�T � p1�Kq
8̧

ℓ�0
Kℓst�T p1�ℓq,

and so:

p̂t�T � p̂t � p1�Kq
8̧

ℓ�0
Kℓpst�T p1�ℓq � st�T p�ℓqq,

but st�T p1�ℓq � st�T p�ℓq � p�t�T p1�ℓq � p�t�T p�ℓq � σuput�T p1�ℓq � ut�T p�ℓqq and since p�t�T p1�ℓq �
p�t�T p�ℓq � σpWt�T p1�ℓq �Wt�T p�ℓqq, this has a normal distribution with variance σ2T (and
the increments are independent of each other). Let Zt�T p1�ℓq � Wt�T p1�ℓq �Wt�T p�ℓq be a
normal random variable with variance T . Thus we can write:

p̂t�T � p̂t � p1�Kq
8̧

ℓ�0
KℓpσZt�T p1�ℓq � σuput�T p1�ℓq � ut�T p�ℓqqq

� p1�Kqσ
8̧

ℓ�0
KℓZt�T p1�ℓq � p1�Kqσu

�
ut�T � p1�Kq

8̧

ℓ�0
Kℓut�Tℓ

�
,

which can also be written as p̂t�T � p̂t � Kpp̂t� p̂t�T q� p1�KqpσZt�T �σuput�T �utqq and
thus

Covpp̂t�T � p̂t, p̂t � p̂t�T q � KVarpp̂t � p̂t�T q � p1�KqCovpσZt�T � σuput�T � utq, p̂t � p̂t�T q,

note that:

Varpp̂t � p̂t�T q � p1�Kq2
�

σ2T

1�K2 � σ2
up1�

p1�Kq2
1�K2 q

�

� p1�Kq
1�K

�
σ2T � 2σ2

up1�Kq� ,
and

CovpσZt�T � σuput�T � utq, p̂t � p̂t�T q � Covpσup�utq, p̂t � p̂t�T q
� �p1�Kqσ2

u,
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so

Covpp̂t�T � p̂t, p̂t � p̂t�T q � K
p1 �Kq
1 �K

�
σ2T � 2σ2

up1 �Kq�� p1 �Kq2σ2
u

� 1 �K

1 �K

�
Kσ2T � p1 �Kq2σ2

u

�
. (OA.B.1)

This expression shows the two effects of K: the part with the fundamental shocks generates
positive covariance due to under-reaction, whereas the part with noise generates negative
correlation due to correction of mistakes. Evaluating this at the Bayesian value K � σ2

u

Ū � σ2
u

,
we get

σ2
u

Ū � σ2
u

σ2T � p1� σ2
u

Ū � σ2
u

q2σ2
u

pŪ � σ2
uqσ2T � Ū2.

This equality follows from the equation determining Ū . Thus, the covariance in Equation
(OA.B.1) is zero, and Bayesian updating implies zero predictability. This implies that in
a Bayesian learning model, if information is used optimally, there will be no predictability.
Note that this holds for any variance of the signal, so it does not matter whether σu is
endogenous or exogenous.

Using equation (OA.B.1), we can also see what would happen if K was set to a different
value. If K ¡ σ2

u{pŪ � σ2
uq, the pricer would underweight the signal. This underreaction

would lead to updating that is too slow, and thus the covariance of consecutive price changes
would be positive. In contrast, if K   σ2

u{pŪ � σ2
uq, the pricer would overweight the signal.

This would give too much weight to noise, which would be subsequently corrected and thus
would generate reversals. I show in Section OA.B.2 below that a possible microfoundation
for the control cost model in Section 5.2 is obtained if we assume K � 0, so new prices are
obtained by putting full weight on new signals.

OA.B.2 Two-Layer Decision Process and Full Weight on Signals

Consider the general model in Section 5.2. Assume that the decision on when to change
prices is taken by a general manager that can perfectly observe aggregate profits but does
not know the exact price gaps of each product. This general manager delegates the decision
of choosing each individual price to pricing managers. Apart from the order to update prices,
no information is shared from the general manager to the pricing manager. As shown before,
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the problem of the general manager can be characterized by

0 � min
"
ρV � p�By � nσ2Vy � 2σ2yVyy � κ

» Ψ

0
maxtV �p0q � pψ � V pyqq, 0udGpψqq, V pyq � V �pΨq

*
,

When the general manager chooses to reset, she delegates the decision of choosing new
prices to pricing managers, whose optimization problem I describe shortly. She correctly
anticipates that, after reset, she will get an expected value V �p0q.

Turning to the pricing manager, they choose the new price to maximize the profits of
a given product line. Define:

V ppxq � �BEr
» 8

0
e�ρtx2

tdt|xp0q � xs,

where the expectation is taken both over time, and over the pricing decisions of other man-
agers. Letting x � p � p�, we can also write this as V ppp � p�q. Assume, at the time of
reset, the manager has a symmetric prior about p�. However, before resetting, the manager
observes a signal s � p� � x�, where x� has some distribution with density f . Assume that
x� is mean zero and symmetric. Using only the information conveyed by the signal, the
manager has to choose the optimal price p.2 First, note that:

pmax � arg max
p

ErV ppp� p�q|ss,

and the FOC is
ErV p

x pp� p�q|ss � 0.

Now, note that if p � Erp�|ss, given that both the prior and the signal are symmetric, the
posterior density for p� is symmetric. So p � p�|s is a symmetric distribution with mean
zero. Given that V ppxq is symmetric, V p

x is antisymmetric, and thus ErV p
x pErp�|ss�p�q|ss �

0, so pmax � Erp�|ss. Given that, we need to characterize Erp�|ss. Using Bayes’s rule
fpp�|sq9fps|p�qfpp�q, but fps|p�q � fps � p�q. Assuming that the prior fpp�q is uniform
with increasingly large bounds (i.e., the pricing manager has a totally diffuse prior on p�), we
get fpp�|sq � fps�p�q, and thus the conditional distribution of p�|s is the same distribution

2I assume that the pricing manager does not use the fact that it was requested to reset its price to infer
the new value. While this assumption may sound extreme in the case with small n, when n is large the
idea is that the order to reset prices does not provide meaningful information about the reset gap of each
individual product.
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of x�, but shifted by p�. And thus

Erp�|ss �
»
p�fps� p�qdp�

� s�
»
zfpzqdz � s,

where I used symmetry in f and used the change of variables z � p� � s. Intuitively, since
the firm has a very flat prior on p�, its posterior mean equals the signal, which is noisy.
Thus the pricing manager chooses pmax � s � p� � x�, or written in terms of price gaps,
pmax � p� � x�.

Now assume that the general manager can choose to expend effort to reduce the un-
certainty of the signal faced by the pricing managers. Intuitively, this would mean that the
general manager calls for more meetings or monitors the pricing managers more closely. In
particular, she can make the pricing managers have a distribution f by paying a cost Cpfq
per product. The problem of choosing the distribution optimally is thus:

V �p0q � max
tfyi uni�1

»
. . .

»
V p

ņ

i�1
yiq

n¹
i�1

f yi pyiqdyi �
ņ

i�1
Cpf yi qs.t

» 8

0
f yi pyiqdyi � 1 @i,

which is exactly the control cost problem we have been working with.

Discussion. The above justification formalizes the intuitive explanation given in Costain
and Nakov (2015) by explicitly considering the pricing process as driven by different agents
within the firm with different incentives and information. In this case, control costs are
interpreted as monitoring costs that a general manager can pay to make their prices be more
accurate.

Furthermore, in conjunction with the discussion in Appendix OA.B.1, it also directly
connects with the imperfect information literature. Relative to noisy information models,
the key departure is that no single agent is continuously tracking the desired price. Instead,
agents choosing prices give full weight to signals, which introduces noise into prices, which
is subsequently corrected. A corollary of this is that in the present paper, firms are fully
aware of changes in aggregate variables. Thus, any implications for monetary non-neutrality
are not driven by aggregate-idiosyncratic confusion as in the classical Lucas (1972) islands
model, or by firms slowly learning about changes in aggregate states, as in Mankiw and
Reis (2002); Sims (2003); Maćkowiak and Wiederholt (2009). Relative to the infrequent
information literature (Reis, 2006; Woodford, 2009; Alvarez et al., 2011, 2016b), the true

11



value of the desired price is not perfectly observed at the moment of reset, and thus some
noise leaks into the price, which generates future reversals.

OA.B.3 Endogenous Reset Distribution

Consider the following specification of the price adjustment cost functional: CpF q � ωĉpθq�
θp1 � ωqIpF ||F̄ q. In this case, CpF q has two components: first, a fixed cost of size ωĉpθq;
second, a control cost θp1�ωqIpF ||F̄ q, where as before IpF ||F̄ q � ³

log
�
dF pxq
dF̄ pxq

	
dF pxq is the

relative entropy. As I show later on, the parameter ω P p0, 1s can be interpreted as the share of
the cost that is due to standard fixed “menu” costs. Assuming F̄ is a continuous probability
distribution and letting f̄ be its density, the optimization problem in (4.2) can be solved
analytically as F 1pxq � fpxq9f̄pxq exppV pxq{rθp1� ωqsq, and letting V max � maxx V pxq:

V � � V max�θp1�ωq log
�» 8

�8
f̄pzq expppV pzq � pV maxqq{rθp1� ωqsqdz



�ωĉpθq, (OA.B.2)

which holds for ω   1, and just V � � V max � ĉpθq if ω � 1. The value of adjusting is thus
V � � V max � cpω, θ, f̄ , V q where cpω, θ, f̄ , V q is the cost of price adjustment. This resembles
the standard menu cost model, with the difference that the cost is endogenous. Letting
ĉpθq � θ| logpθq|{4, I characterize the solution when θ Ñ 0 in the next set of propositions.

Proposition OA.1. Inaction Regions. Assume that CpF q � ωĉpθq�θp1�ωqIpF ||F̄ q and
pV, V �, F q solve (4.1)-(OA.B.2). Fix ω P p0, 1s. Then, as θ Ñ 0 the total cost of changing
prices, cpω, θ, f̄ , V q becomes:

cpω, θ, f̄ , V q � ĉpθq � opθ logpθqq. (OA.B.3)

Furthermore, there is a nontrivial inaction region p�x̄, x̄q with:

x̄ �
�

6σ2

B
� ĉpθq


1{4
p1� op1qq. (OA.B.4)

In particular, x̄ does not depend on ω at leading order.

Proof. See Appendix OA.C.1. The key complication of the proof is to show that, despite
endogeneity, we obtain (OA.B.3). Then (OA.B.4) follows from the standard argument in
Dixit (1991).
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This proposition shows that as θ Ñ 0, the total cost converges to ĉpθq. Since the
standard menu cost component is ωĉpθq, ω corresponds to the share of adjustment costs that
comes from menu costs. The mixed model is capable of generating inaction as long as there
is some fixed menu cost component (ω ¡ 0).3 Furthermore, the size of the inaction region
is independent of the breakdown between menu and control costs at leading order. As a
corollary, inaction regions still scale with the quartic root of costs, so very small costs can
generate large inaction regions (Akerlof and Yellen, 1985; Dixit, 1991).

More broadly, as long as there is some menu cost, this result shows that both menu and
control costs are “perfect substitutes” for small values of θ: regardless of the breakdown, they
generate exactly the same inaction region at leading order. This result directly relates to the
sources of price changing costs. While the name “menu-costs” refers to literal physical costs
of changing prices, it is widely believed that these costs actually reflect managerial time or
information processing costs.4 The result shows that the distinction is immaterial in terms
of the size of the inaction bands.

As the next proposition shows, however, there is a key difference between both costs:
as ω   1, there is a nontrivial asymptotic distribution for the reset gaps. The proposition
also shows that once properly scaled, reset gaps are asymptotically normal.

Proposition OA.2. Reset Gap Distribution and Expected Value upon Reset. As
θ Ñ 0,

|θ{ logpθq|�1{4x� Ñd N p0, p1� ωq
a

3σ2{2Bq.

The expected value upon resetting without accounting for the costs, ErV s � ³8
�8 fpxqV pxqdx

is
ErV s � V max � p1� ωqθ

2 � opθq � V max � opθ| logpθq|q.

Proof. See Appendix OA.C.1.

We can directly see from the formula how different structural parameters map into
the size of mistakes. First, a higher share of control costs p1 � ωq increases the asymptotic
variance: if precision is more costly, firms choose less precisely. If B is larger, the variance
of mistakes will be smaller: if the profit function has higher curvature, mistakes are more

3If ω � 0, firms can sidestep adjustment costs by sampling infinitely often from the baseline distribution
for free. Once ω ¡ 0, this is no longer optimal and a standard inaction region emerges. This will not be an
issue in a discrete time setup, although in that case the definition of the time period is important, see the
discussion in Costain and Nakov (2015).

4For example, Stokey (2009) says that the fixed cost of changing prices is “interpreted as the time cost of
managerial decision making as well as the cost of printing a new menu”.
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Figure OA.B.1: Reset gap distribution, global solution (blue) and analytical approximation
(red).

costly, and thus the firm will optimally choose to minimize them by paying higher control
costs. Conversely, if σ2 is larger, the firm will also make larger mistakes. Intuitively, larger
σ2 means that prices will change more often, and thus the firm optimally economizes on
price adjustment costs by having more dispersed reset prices.

Note that, since the convergence rate is quite slow, relatively large mistakes in price
space can arise even for very small information costs (as indexed by θ). This is conceptually
similar to Akerlof and Yellen (1985): since the value function is locally flat close to 0,
deviations from the optimal price that are “large” in the policy space lead to “small” losses
in profits. This provides a theoretical argument for why relatively large ex-post imperfections
could arise even if control costs were small in practice.

OA.B.4 Quality of the Approximation

In this section I quantify the quality of the approximation. I set σ2 � p0.1q2, ρ � 0.04, and
ω � 0.5, so half the cost is the typical menu cost and the other half is the control cost. To
compute the global solution, I need to specify a baseline distribution f̄pxq. I use a normal
distribution with mean zero and standard deviation 0.2, which is quite large relative to the
other parameters.
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Figure OA.B.2: Global (blue) and approximate (red) inaction thresholds as a function of θ.
Solid: ω � 0.5, dashed: ω � 0.1.

Figure OA.B.1 shows the reset gap distribution for θ � p0.14q4, which generates inac-
tion bands of around 9.8 percent and a frequency of price changes of N � 1.2, quite close to
the UK data (where the average size is 9.8% and the frequency N � 1.3). As we can see, the
approximation is good even at these sizes. The true distribution has higher variance, and in
particular has higher probability of the reset gap falling outside of the inaction region. The
intuition for this is that, given that getting a more precise draw is costly, a firm may find it
“cheaper” to have many less precise draws (and, if we fall outside of the inaction region, we
reset again) than one very precise draw. Note also that, quantitatively, there is some decent
dispersion in reset prices.

Figure OA.B.2 shows the accuracy of the approximation for different values of ω. As
we can see, when ω � 0.5, the approximation is quite good for a large range of x̄. However,
once we consider smaller ω, the approximation quickly overestimates the true inaction region.
The intuition is related to the phenomenon discussed above: if ω is small, then the fixed cost
of each draw is small, so the firm finds it optimal to pay this fixed cost several times and
sample from relatively bad distributions, rather than to pay the fixed cost once and sample
from a very precise distribution. Thus, the same phenomenon that makes basic menu costs
necessary to generate inaction also appears (in a less extreme form) when those fixed costs
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Figure OA.B.3: Global (blue) and approximate (red) reset distribution for different values
of θ. Horizontal axis normalized by the size of the inaction bands, i.e., 2 means x � 2x̄.

are small. This shows that the necessity of some kind of additional force for inaction is not
a bug of continuous time, but rather a characteristic of this type of model, in which price
resets come with randomness but we immediately realize we made an error, and thus we can
potentially minimize pricing costs by sampling repeatedly.

Finally, Figure OA.B.3 shows how the true distribution converges to the analytical
approximation as θ becomes smaller. The x axis of all plots is in terms of the size of
the inaction band, i.e., 1 means x � x̄, 2 means x � 2x̄ and so on. As we can see, the
distribution becomes more concentrated at 0 as θ becomes smaller. This follows from our
earlier discussion on speeds of convergence: bands converge more slowly than the asymptotic
distribution, so even if we scale x by x̄ we will still see the distribution converging to a point
mass at 0. This is also why the uncertainty about the reset price does not add an additional
cost that affects the inaction band: at this order, uncertainty goes to zero faster than the
other costs and thus does not matter.

OA.B.5 Extended Identification Result

This section provides an extended identification result. Under some regularity assumptions,
it shows how to fully recover F pxq from appropriate generalizations of the regressions I run
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in the main text. Furthermore, in the case of n � 1, I provide an extension of the results
in Alvarez et al. (2021) that allows me to recover the hazard Λpxq from the price-change
distribution qp∆pq. Several of the proofs use similar techniques to that of Proposition 10,
which is covered in Appendix C.7.

OA.B.5.1 Identification of the Reset Gap Distribution

Consider the environment of the main text. Write ∆τi,n � τi,n � τi,n�1 for the duration
between consecutive adjustments, and interpret Fτi,n�1 as the information immediately after
the previous reset, including x�i,n�1 and ∆pi,n�1. Assume throughout that the moments and
weighted expectations used below are finite and that conditional optional stopping is valid.
Then:

Erp∆pi,nq2 � σ2∆τi,n|Fτi,n�1s � Erpx�i,n � x�i,n�1q2|Fτi,n�1s
�2σErpx�i,n � x�i,n�1qpWi,τi,n �Wi,τi,n�1q|Fτi,n�1s
�σ2ErpWi,τi,n �Wi,τi,n�1q2 �∆τi,n|Fτi,n�1s

� Erpx�q2s � px�i,n�1q2

The final expectation is zero by conditional optional stopping for the squared Brownian
increment minus elapsed time, exactly as in Appendix C.7. The middle expectation is zero
because the stopped Brownian increment has zero conditional mean and the reset x�i,n is
independent of the completed spell and has mean zero. Note that the conditional expected
duration can depend on the initial reset gap. Consider now a regression of this corrected
outcome on p∆pi,n�1q2k for k ¥ 1, with an intercept. Multiplying its slope by the variance
of the regressor recovers the covariance:

Covpp∆pi,n�1q2k, p∆pi,nq2 � σ2∆τi,nq � Erp∆pi,n�1q2kpp∆pi,nq2 � σ2∆τi,nqs
�Erp∆pi,n�1q2ksErp∆pi,nq2 � σ2∆τi,ns.

By stationarity and symmetry, we can directly estimate the second term as:

Erp∆pi,nq2ksErp∆pi,nq2 � σ2pτi,n � τi,n�1qs � Erp∆pq2kspVarp∆pq � σ2{Nq.
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I now focus on the first term. Note that using the law of iterated expectations and condi-
tioning on Fτi,n�1 :

Erp∆pi,n�1q2kpp∆pi,nq2 � σ2pτi,n � τi,n�1qqs � Erp∆pi,n�1q2kpErpx�q2s � px�i,n�1q2qs
� Varpx�qErp∆pq2ks � Erp∆pi,n�1q2kpx�i,n�1q2s

but since

Erp∆pi,n�1q2kpx�i,n�1q2s � Erpx�i,n�1 � xi,τi,n�1q2kpx�i,n�1q2s

� Er
�

2ķ

j�0

�
2k
j



px�i,n�1q2k�jp�xi,τi,n�1qj

�
px�i,n�1q2s

we can use the fact that x�i,n�1 is independent of �xi,τi,n�1 to write this as:

Erp∆pi,n�1q2kpx�i,n�1q2s �
2ķ

j�0

�
2k
j



Erpx�i,n�1q2pk�1q�jsErp�xi,τi,n�1qjs

now, by symmetry, the odd values of j just yield zero. Thus we can write:

Erp∆pi,n�1q2kpx�i,n�1q2s �
ķ

ℓ�0

�
2k
2ℓ



Erpx�i,n�1q2pk�1�ℓqsErpxi,τi,n�1q2ℓs.

The minus sign disappears because only even powers remain. Thus, the covariances identify
sums of products of moments of x� and xi,τi,n�1 . I show below how to use these expressions
to recover those moments separately using appropriate regression coefficients.

Observable regression coefficients. For each k ¥ 1, consider the two separate
population OLS regressions, each including an intercept:

p∆pi,nq2 � α2,k � β̃2,kp∆pi,n�1q2k � Error, (OA.B.5)
∆τi,n � α3,k � β̃3,kp∆pi,n�1q2k � Error. (OA.B.6)
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At k � 1, these are the regressions in the main text: β̃2,1 � β̃2 and β̃3,1 � β̃3. Define the
observable corrected covariance

Ck � pβ̃2,k � σ2β̃3,kqVarpp∆pq2kq
� Covpp∆pi,n�1q2k, p∆pi,nq2 � σ2∆τi,nq.

Thus the slopes are used together with the marginal price-change moments. In particular,
Varpp∆pq2kq � Erp∆pq4ks � Erp∆pq2ks2. If this variance is zero, the slope is undefined but
the covariance itself is zero and can be used directly. The duration correction retains the
covariance between duration and the previous price change; it does not set it to zero.

Reset and pre-reset moments. In order to save notation, let

µ2k � Erpx�q2ks, ν2k � Erpxi,τi,n�1q2ks, µ0 � ν0 � 1.

be the corresponding moments. A similar argument to above (expanding the square and
using independence) yields:

Erp∆pq2ks � Erpx� � xi,τiq2ks

�
ķ

ℓ�0

�
2k
2ℓ



µ2pk�ℓqν2ℓ.

Using that Erp∆pq2 � σ2∆τ s � 2µ2 and replacing in the covariance above yields

Ck �
ķ

ℓ�0

�
2k
2ℓ



µ2pk�1�ℓqν2ℓ � µ2Erp∆pq2ks.

The coefficient on the new reset moment µ2k�2 is one. All the other terms can be computed
recursively.

Iterative procedure. The linear predictability regression in the main text identifies

µ2 � �β1Varp∆pq, σ2 � NVarp∆pqp1� 2β1q, N � 1
Er∆τ s .
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These quantities are known before constructing any Ck. Starting from µ0 � ν0 � 1 and the
identified µ2 we can identify all even moments of x� and xi,τi,n�1 by iterating following two
steps for k � 1, 2, . . .:

ν2k � Erp∆pq2ks � µ2k �
k�1̧

ℓ�1

�
2k
2ℓ



µ2pk�ℓqν2ℓ, (OA.B.7)

µ2k�2 � Ck � µ2Erp∆pq2ks �
ķ

ℓ�1

�
2k
2ℓ



µ2pk�1�ℓqν2ℓ, (OA.B.8)

where I follow the convention that empy sums are zero. At the start of step k, moments of x�

through order 2k and moments of xi,τi,n�1 through order 2k� 2 have already been recovered.
The first equation computes ν2k using the observed marginal moment and those previously
recovered moments. The second equation then computes µ2k�2 using the corrected regression
covariance and the newly recovered pre-reset moment. Neither step requires knowing the
hazard or either latent gap distribution in advance. For example, the first iteration gives

ν2 � Erp∆pq2s � µ2,

µ4 � C1 � µ2
2 � µ2

2 � pβ̃2 � σ2β̃3qVarpp∆pq2q,

which reproduces the fourth-moment result in the main text. The next iteration gives

ν4 � Erp∆pq4s � µ4 � 6µ2ν2,

µ6 � C2 � µ2Erp∆pq4s � 6µ4ν2 � µ2ν4.

Thus the regressions with the fourth power of the lagged price change identify the sixth reset
moment, after the second and fourth moments have been recovered.

Uniqueness of the reset distribution. The recursion identifies every even reset mo-
ment from the even moments of the unconditional price change distribution, mean duration,
the linear predictability coefficient, and the sequence of squared-change and duration regres-
sion coefficients. Since all odd moments are zero due to symmetry, the above construction
allows identification of all moments of F . It is not generally true that identifying all of
the moments automatically identifies a distribution. Thus, we need to further restrict the
admissible F distributions such that the moments uniquely identify F .

Assumption OA.1. The distribution F has finite moments of every order and is uniquely
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determined by its moments.

One sufficient condition that guarantees this is Carleman’s condition, which states that
if the moments satisfy

°8
k�1 µ

�1{2k
2k � �8, then the distribution can be uniquely recovered

from them. This condition essentially restricts very fat-tailed distributions. The generalized
normal distribution I use in Section 5.6 satisfies this condition whenever d ¥ 1, which is
what I find empirically.

OA.B.5.2 Identifying the Hazard given the Reset Gap Distribution

The above result shows how to point identify F by using regressions (OA.B.5)-(OA.B.6) and
appropriate unconditional moments. In this subsection, I show how to recover Λpxq by using
the identified F in conjunction with the distribution of price changes qp∆pq. Throughout
the section, I assume that n � 1, as in Alvarez et al. (2021).

Assume that F is absolutely continuous with density f , and assume that x̄ � �8,
so there is no adjustment barrier. Assume also that σ2 ¡ 0 and 0   N   8. For the
Fourier calculations below, assume that g is twice continuously differentiable, g, g1, g2 P
L1pRq, and gpxq, g1pxq Ñ 0 as |x| Ñ 8. Finally, assume gpxq ¡ 0 for all x, so that
the division by the stationary density is well-defined. The distribution of price changes
is qp∆pq � ³ Λpz�∆pqgpz�∆pq

N
fpzqdz � ³ Λpxqgpxq

N
fpx � ∆pqdx since ∆p � x� � x, and thus for

each possible ∆p we integrate across pairs of x and x� that could have generated it. Let
ĥpωq � ³8

�8 e
�iωxhpxqdx be the Fourier transform of a function h. Fourier transforms are

useful here because of two properties: i) the Fourier transform of a convolution equals the
product of the Fourier transform, and ii) they operate conviniently with derivatives, in the
sense that the Fourier transform of h1pxq is iωĥpωq. Using these properties, we can obatain
that:

Nq̂pωq � f̂pωq ˆrΛgspωq,

so knowledge of f̂pωq and the distribution of price changes q̂pωq allows us to obtain ˆrΛgspωq
and thus rΛgspxq (i.e their product at each point) via the inverse Fourier transform. The
quotient is properly defined, since the moment-determinacy condition we have implies that
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f̂pωq � 0.5,6 In order to identify Λpxq, we need to separate g from Λ. Using the KFE,
Λpxqgpxq � σ2

2 g
2pxq �Nfpxq so:

Nqpxq �
»
rσ

2

2 g
2pzq �Nfpzqsfpx� zqdz.

Using the property for the derivative of Fourier transforms, we get:

Nq̂pωq � Nf̂pωq2 � σ2

2 ω
2f̂pωqĝpωq

where by symmetry of f and g the complex conjugate equals the function. Since we know
f , we know f̂pωq, and thus we can recover the stationary density of gaps ĝpωq as:

ĝpωq � 2N
σ2

f̂pωq2 � q̂pωq
ω2f̂pωq

for ω � 0 with f̂pωq � 0. At zero, the second-moment identity implies

f̂pωq2 � q̂pωq � Erp∆pq2s � 2µ2

2 ω2 � opω2q � σ2

2Nω2 � opω2q.

Since f̂p0q � 1, the quotient converges to one. Thus we set ĝp0q � 1 and recover its values
at any other zeros of f̂ by continuity, as above. Once we have ĝpωq, we can use the inverse
Fourier transform to recover gpxq, and then divide rΛgspxq over gpxq to recover Λpxq almost
everywhere.

OA.B.6 Additional Discussion on the Structural Model

Here I present some additional discussion on the structural models in Section 5.6.

5If f̂ was equal to zero on an open interval, all its derivatives would equal zero at an interior point ω0.
Then fpxqr1 � ε cospω0xqs, for 0   |ε|   1, would be a different symmetric density with exactly the same
moments as f , contradicting moment determinacy. Thus no additional nonvanishing assumption on f̂ is
needed.

6Alternatively, the construction done in the previous part also gives the moments of the the distribution
of xi,τi,n�1 . This distribution has a density proportional to rΛgspxq. However, in order to use those moments
to point identify it, we would need to use similar assumptions of moment determinacy, in this case for the
density Λg{N , which is an endogenous object.
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Figure OA.B.4: Stationary Distribution of Price Gaps. Blue: model with n Ñ �8. Grey:
Standard Calvo model (no mistakes), recalibrated to match the same variance of price
changes.

On the Kurtosis of a Calvo Model with Imperfect Reset. Some readers may
find the model’s kurtosis below six surprising, since it is well known that, in models with
perfect reset, Calvo hazards imply a kurtosis of 6, the maximum possible in this class of
models (Alvarez et al., 2016a). There are two sources for this discrepancy: first, variation
in realized price changes is driven by both variation in the price gap before reset and in the
reset point. That directly impacts the measured kurtosis, as shown in Lemma 3. Second,
the distribution of price gaps before reset is also affected by the randomness in reset gaps.
Figure OA.B.4 shows the stationary distribution of price gaps (which with constant hazards
equals the distribution of price gaps conditional on an ended spell) for the baseline model as
well as for a standard Calvo model with deterministic reset point at x � 0, recalibrated to
match the same Varp∆pq. The figure shows that the randomness in the reset point smooths
out the distribution at 0. This pushes mass away from zero towards intermediate values of
x, thus lowering the kurtosis of the distribution of price gaps at reset, which further lowers
the kurtosis of the distribution of price changes.

Fit of a Calvo Model on the Extended Set of Moments. While our baseline
Calvo model fits N,Kurtp∆pq, β1 and β2 quite well, the reader may wonder how this model
fits β̃2 and β̃3 separately. First, note that as nÑ �8, the timing of the price change i does
not depend on the individual xi,t of that product, and thus β̃3 � 0 for any parametrization.
Empirically, the specifications in Appendix A paint a consistent picture: β̃3 is negative and
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Figure OA.B.5: Estimated bounds relative to Kurtp∆pq{6N (black), and estimates if we set
β̃3 � 0 in each realization (blue).

statistically significant. At the baseline specification, we have ˆ̃
3β � �0.178.

However, while statistically significant, its estimated values are economically very small.
In order to make that point clear, Figure OA.B.5 recomputes the bounds as in Figure 5.1a,
but setting β̃3 � 0 at each bootstrap draw. The resulting bounds are shown in blue. As we
can see, the change is minimal.

I also complement this evidence with some reduced-form simulations. In particular,
I consider models with n � 1, with a hazard Λpxq � λ0p1 � λ1x

2q where different values
of λ1 captures different degrees of state dependence. I assume that σ2 � 0.0082, and that
F is a generalized normal with b � 0.0726 and d � 1.11. These are approximately the
point estimates underlying the baseline model of Section 5.6. I consider four alternative
parametrizations for the hazard: 1) a Calvo parametrization, with λ0 � 1.3 and λ1 � 0;
2) a parametrization with low state-dependence, where λ0 � 1.28 and λ1 � 0.3{p0.42q; 3) a
parametrization with state-dependence calibrated to roughly match the estimated hazard in
Gagliardone et al. (2025), which yields λ0 � 1.17 and λ1 � 1.5{p0.42q; and 4) a calibration
with high state-dependence with λ0 � 0.68 and λ1 � 20{p0.42q. The values of λ0 are chosen
such that all calibrations match a similar average frequency of price changes. I simulate the
price paths of 50000 firms for fifty years, where each time interval is set to a day (dt � 1{360).
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I burn the first ten years of the simulation, and then estimate the moments of interest on
simulated data.

Calvo Low SD GG High SD
β̃3 (simulation) 0.009844 -0.229456 -0.771790 -2.649186

Table OA.4: Simulated moments across calibrations. “Low SD” has λ1 � 0.3{p0.42q, “GG”
(Gagliardone-Gertler) has λ1 � 1.5{p0.42q, “High SD” has λ1 � 20{p0.42q. All calibrations use λ0
adjusted to target frequency � 1.3.

Table OA.4 contains the results. As we can see, the low state-dependence calibration
roughly matches the estimated magnitude of β̃3. Under this calibration, a price that is
off by 40 percentage points is only 30% more likely to adjust than a price that is set at
x � 0. Another way to see that state-dependence is very low is that, under this calibration,
Λp0q � 1.28, while the average frequency of price changes is around 1.3. Thus, this features
essentially Calvo adjustment. The table also shows how other calibrations that feature higher
state-dependence would imply much larger magnitudes for β̃3, which are counterfactual.
Overall, this shows that, while statistically significant, the magnitude of β̃3 is small, which
is consistent with models with very low state-dependence.

OA.B.7 Examples for Proposition 9

In all cases, take n � 1 so we are in a single-product case.

CIR � �8. Assume:

Λpxq �
$&
%0 if |x|   x̄

2N if |x| ¥ x̄
.

Assume fpxq is 0 for all x P r�px̄ � ε2q, x̄ � ε2s, and has some distribution (which we later
specify) in the rest of the domain. Assume σ2 � 0, so firms do not travel along the state
space. Given this, there are many invariant distributions (since we do not have mixing).
Assume the following symmetric invariant distribution:

gpxq � 1
2δ0 � 1

2fpxq.

That is, half of the firms sit at x � 0, and the other half is distributed according to fpxq,
which only has density in parts where Λpxq ¡ 0. Note that this is a proper invariant
distribution: for all firms with |x|   x̄, they just stay where they are. For firms with |x| ¥ x̄,
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they are always outside the bands, they move with hazard 2N , and when they do they
randomly land in another place with density fpxq. The KFE in this outside region reads:

2Ng � Nf

Nfpxq � Nfpxq,

so it is trivially satisfied for any N . The price change distribution is given by the distribution
of x�1 � x�2 , so we can match any Kurtp∆pq ¡ 2 by choosing Kurtpx�q. I now show that this
setting implies unboundedly high CIR. Assume there is a marginal shock of size δ. Initially
all firms shift down in x. Then:

• Firms with |x| ¡ x̄�ε2 are all in the region where they can change prices, so over time
they reset with hazard 2N , and eventually all of them adjust. Thus the contribution
of this term to the CIR is finite.

• Firms with |x|   x̄ are displaced, but they never leave the absorbing region. Thus,
they never change prices, and have permanently negative x. Thus, �Er³80 xsds|xp0q �
xs � �8 for these firms. Since there is a positive mass of such firms, the CIR is �8.

The key content of the example is that, once we allow errors, we can match pricing moments
without needing σ2. That implies that some firms can take an unboundedly long time to
change prices for the first time, which makes the CIR diverge.

CIR � �8. Assume again that σ2 � 0. Assume that the reset price distribution is of the
following form:

x� �

$''''''&
''''''%

�a prob ε
2

�x̄ prob 1�ε
2

x̄ prob 1�ε
2

a prob ε
2

,

with a ¡ x̄, both arbitrary for now. For simplicity, I will assume that if a new draw falls
into the same spot, it counts as a price change of size 0. Assume the GHF is:

Λpxq �
$&
%λ1 if |x| ¤ x̄

λ2 if |x| ¡ x̄
,
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let λ1 � N 1�ε
1�p and λ2 � N

ε

p
where p is also chosen by us. Under these assumptions, the

invariant distribution is given by:

x̌ �

$''''''&
''''''%

�a prob p
2

�x̄ prob 1�p
2

x̄ prob 1�p
2

a prob p
2

.

The key thing to notice is that since σ2 � 0, there are only 4 values where we can be:
�a,�x̄. In steady state, the mass leaving each point is Probpx̌ � yqΛpyq, and the mass
entering is NProbpx� � yq. Given our choice of the hazard function, this always holds, so
the mentioned distribution is invariant. It is straightforward to show that under this hazard,
the frequency is exactly N . Given that, the second step is to compute the mpxq function.
Given that x is fixed and the reset probability is known, we can compute it directly as:

mpxq � �Er
» 8

0
xptqdt|xp0q � xs

� �x
» 8

0
e�λidt � � x

λi
.

Given that, we can compute the CIR as:

Mpδq �
» 8

�8
mpx� δqdGx̌,

for any δ ¡ 0, direct computation shows:

Mpδq � �p2p
1
λ2
p�a� δq � 1

λ2
pa� δqq � 1� p

2 p 1
λ2
p�x̄� δq � 1

λ1
px̄� δqq

� δp p
λ2

� 1� p

2 p 1
λ2

� 1
λ1
qq � x̄

1� p

2 p 1
λ1

� 1
λ2
q,

whereas for any δ   0, the same computation shows:

Mpδq � �p2p
1
λ2
p�a� δq � 1

λ2
pa� δqq � 1� p

2 p 1
λ1
p�x̄� δq � 1

λ2
px̄� δqq

� δp p
λ2

� 1� p

2 p 1
λ2

� 1
λ1
qq � x̄

1� p

2 p 1
λ1

� 1
λ2
q,
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where x̄1�p
2 p 1

λ1
� 1

λ2
q ¡ 0, since λ2 ¡ λ1. On the other hand, at exactly δ � 0 we have

Mp0q � 0 by construction. Thus, in the limit:

lim
δÑ0�

Mpδq �Mp0q
δ

� p

λ2
� 1� p

2 p 1
λ2

� 1
λ1
q � x̄1�p

2 p 1
λ1
� 1

λ2
q

limδÑ0� δ
� �8,

and

lim
δÑ0�

Mpδq �Mp0q
δ

� p

λ2
� 1� p

2 p 1
λ2

� 1
λ1
q � x̄1�p

2 p 1
λ1
� 1

λ2
q

limδÑ0� δ
� �8,

thus, the marginal CIR is minus infinity. I show at the end of this section that any kurtosis
of price changes above 2 can be matched by appropriately choosing ε and a. The idea is
that, in this case, there is a mass of firms very close to an inaction threshold. Since σ2 � 0,
in steady state firms move in and out, but are always right at the threshold: there is no
diffusion term, so they just jump somewhere else whenever they get hit by the (generalized)
Calvo fairy. Once we do a marginal shock, these firms cross the inaction threshold, and thus
are much more likely to change prices. Since this mass of firms changes prices by a non-zero
amount, Mpδq jumps at 0: any small monetary shock causes a positive mass of firms to
change prices. For a positive shock, this implies that a marginal monetary shock generates a
jump up in the price level, which implies a jump down in output. This makes the marginal
CIR “�8”.

Matching Any Kurtosis Above 2. In order to show this, note that ∆p � x�2 � x�1
so Kurtp∆pq � 1

2pKurtpx�q � 3q. Thus, if we can generate any desired value (above 1) for
Kurtpx�q, we are done. Say we want a kurtosis Kurtpx�q � K. Then direct computation
with this distribution shows:

K � a4ε� x̄4p1� εq
pa2ε� x̄2p1� εqq2 .

Letting z � a2, for any K ¥ 1 this describes a quadratic:

Kpεz � x̄2p1� εqq2 � z2ε� x̄4p1� εq,

if this has any positive real roots, we are done. Operating:

Kpε2z2 � 2x̄2p1� εqεz � x̄4p1� εq2q � z2ε� x̄4p1� εq
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z2pεpKε� 1qq � zKp2x̄2p1� εqεq � x̄4p1� εqpKp1� εq � 1q � 0
zKp2x̄2p1� εqεq � x̄4p1� εqpKp1� εq � 1q � z2εp1�Kεq.

since ε ¡ 0, the left-hand side is an upward-sloping line. The RHS is a parabola
centered at 0, which is U-shaped whenever 1 � Kε ¡ 0. Since we can make ε arbitrarily
small, just take ε � b 1

K
with b   1, which ensures that the right-hand side is U-shaped.

Since the LHS is upward sloping and the RHS is a U-shaped parabola centered at 0, if the
roots are real there is always a positive one. In order to ensure there are real roots, we need:

pKp2x̄2p1� εqεqq2 � 4x̄4p1� εqpKp1� εq � 1qεp1�Kεq ¥ 0
K24x̄4p1� εq2ε2 � 4x̄4p1� εqpKp1� εq � 1qεp1�Kεq ¥ 0

K2p1� εqε� pKp1� εq � 1qp1�Kεq ¥ 0
K2p1� εqε� pKp1� εq � 1� εK2p1� εq �Kεq ¥ 0

K2p1� εqε� pK � 1�K2εp1� εqq ¥ 0
K � 1 ¥ 0,

which always holds since the kurtosis is always greater than one.

OA.C Additional Proofs

OA.C.1 Propositions OA.1 and OA.2

The value function in the inaction region is given by V pzq � �σ2

ρ2B � B
ρ
z2 � 2b coshpλzq,

where λ �a
2ρ{σ2. We need to find the optimal inaction threshold, call it x̄. By symmetry,

we only need to focus on one side, and we know that the maximum of V pzq is attained at 0.
Assume the system we want to solve is given by:

0 � �Bx
2

ρ
� 2bpcoshpλxq � 1q � cpω, θ, b, xq

0 � �2Bx
ρ
� 2bλ sinhpλxq,

where the adjustment cost has the form:

cpω, θ, b, xq � �θp1� ωq log
�» 8

�8
f̄pzq expppV pzq � V p0qq {θpp1� ωqqqdz



� θ logpθq

4 ω,

29



with ω P p0, 1s. Here, in order to adjust, you must pay a fixed cost � θ logpθq
4 ω, and then you

have to choose a distribution subject to a control cost θp1 � ωq ³ logpfpxq{f̄pxqqfpxqdx. We
are interested in approximating the solution when θ Ñ 0. Using the second equation to solve
out b, we can write this as a single system with a single unknown:

0 � �Bx
2

ρ
� 2Bx
ρλ sinhpλxqpcoshpλxq � 1q � cpω, θ, Bx

ρλ sinhpλxq , xq. (OA.C.1)

Approximation. Guess the solution has the form:

x � pA� θ| log θ|q1{4 � oppθ| log θ|q1{2q,

with an A to be determined. Approximating bpxq � 2Bx
ρλ sinhpλxq , since sinhpλxq � λx �

λ3x3

6 �Opx5q as xÑ 0,

bpxq � Bx

ρλpλx� λ3x3

6 �Opx5qq �
B

ρλ2 �
1

1� λ2x2

6 �Opx4q .

Expanding the reciprocal gives

bpxq � B

ρλ2

�
1� λ2x2

6 �Opx4q
	
� B

ρλ2 �B
x2

6ρ �Opx4q,

Then from the expression of the coefficients of the value function:

b � B

ρλ2 �B
x2

6ρ � oppθ| log θ|q1{2q.

Thus the value function in the continuation region is:

V pzq � �Bσ
2

ρ2 �B
z2

ρ
� 2p B

ρλ2 �B
x2

6ρqp1� λ2 z
2

2 � λ4 z
4

24q � opz4q

� V p0q �B
z2

ρ
� 2p B

ρλ2 �B
x2

6ρqλ
2 z

2

2 � 2p B
ρλ2 �B

x2

6ρqλ
4 z

4

24 � opz4q

� V p0q �Bz2r1
ρ
� 1
ρ
� x2

6ρλ
2s � 2p B

ρλ2 �B
x2

6ρqλ
4 z

4

24 � opz4q

� V p0q �Bz2rx
2

6ρλ
2s � p B

ρλ2 �B
x2

6ρqλ
4 z

4

12 � opz4q,
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thus

V pzq � V p0q
θp1 � ωq � � Bz2

θp1 � ωqr
x̄2

6ρλ
2s � 2p 1

2ρλ2 � x̄2

12ρqλ
4 Bz4

12θp1 � ωq � opz4{θq

� � Bz2

θp1 � ωqr
?
A

6ρ λ
2s
a
θ| log θ| � 2p 1

2ρλ2 �
?
A
a
θ| log θ|

12ρ qλ4 Bz4

12θp1 � ωq � opz4{θq

� � 1
2p1 � ωq

�
z

pθ{| logpθq|q1{4

2

r2B
?
A

6ρ λ2s �Bλ2 pz{θ1{4q4
12p1 � ωqρ

�λ4B
pz{θ1{4q4
12p1 � ωq

?
A
a
θ| log θ|
6ρ � opz4{θq.

Let t � z

pθ{| logpθq|q1{4 . Then dz � pθ{| logpθq|q1{4dt. Thus, changing variables in the relevant
integral:

» 8
�8

f̄pzq expppV pzq � V p0qq {θpp1 � ωqqqdz � pθ{| logpθq|q1{4
» 8
�8

f̄ppθ{| logpθq|q1{4tq �

expp
�
V ppθ{| logpθq|q1{4tq � V p0q

	
{θpp1 � ωqqqdt

� pθ{| logpθq|q1{4
» 8
�8

f̄ppθ{| logpθq|q1{4tq �

exp
�
� t

2

2 r
2B

?
A

6ρp1 � ωqλ
2s � λ2 2Bptq4

24ρp1 � ωq{| logpθq|

�λ4 ptq4
24

2B
?
A

6ρp1 � ωq

d
θ

| logpθq| � opz4{θq
�
dt.

As θ Ñ 0, 1
| logpθq| Ñ 0 and

b
θ

| logpθq| Ñ 0, thus the only relevant part for the integral is the
first quadratic term. Thus:
» 8

�8
f̄pzq expppV pzq � V p0qq {θpp1 � ωqqqdz � pθ{| logpθq|q1{4f̄p0q �

» 8

�8
exp

�
� t

2

2 r
2B

?
A

6ρ λ2s
�
dz � oppθ{| logpθq|q1{4q,

where the integral can be evaluated because it is Gaussian. Let

K � f̄p0q
» 8

�8
exp

�
�t

2

2 r
2B

?
A

6ρp1� ωqλ
2s


dt.

Substituting into the expression for c,

cpω, θ, b, xq � �p1� ωqθ logpθq{4� θp1� ωq logp1{| logpθq|q{4� opθ| logpθq|q � θ logpθq
4 ω,
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since the terms with K are scaled by θ and thus go to zero faster than θ| logpθq|. However,
note that:

lim
θÑ0

θ logp1{| logpθq|q
θ logpθq � � lim

θÑ0

logp| logpθq|q
logpθq

�L1H � lim
θÑ0

1
| logpθq|

1
θ

1{θ
� � lim

θÑ0

1
| logpθq| � 0,

and thus we can lump that extra term in the opθ| logpθq|q part. Therefore, the correct
approximation of the cost is:

cpω, θ, b, xq � θ| logpθq|
4 � opθ| logpθq|q.

On the other hand, expanding the side of the equation with x to fourth order gives:

�Bx
2

ρ
� 2Bx
ρλ sinhpλxqpcoshpλxq � 1q � �Bx

2

ρ
� 2B
ρλ

x
λ2 x2

2 � λ4 x4

24 �Opx6q
λx� λ3 x3

6 �Opx5q

� �Bx
2

ρ
� 2B
ρλ2

λ2 x2

2 � λ4 x4

24 �Opx6q
1� λ2 x2

6 �Opx4q .

Using that for z close to zero 1
1� z

� 1� z �Opz2q we have:

�Bx
2

ρ
� 2Bx
ρλ sinhpλxqpcoshpλxq � 1q � �Bx

2

ρ
� B

ρ

�
x2 � λ2x

4

12 �Opx6q

�

1� λ2x
2

6 �Opx4q



� �Bx
2

ρ
� B

ρ

�
x2 � λ2x

4

12 � λ2x
4

6 �Opx6q



� �B
ρ
λ2x

4

12 �Opx6q,

thus, equating the leading terms:

θ| logpθq|
4 � B

ρ
λ2x

4

12

x �
�

12ρ
Bλ2 � pθ| logpθq|

4 q

1{4
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x �
�

6σ2

B
� pθ| logpθq|

4 q

1{4

,

which confirms the guess with A � 6σ2

4B , which is exactly the formula in Dixit (1991) for a
(small) menu cost c � θ| logpθq|

4 . Thus, under this parametrization, the composition does not
matter: we always generate an inaction region as if the cost were θ| logpθq|

4 . The error bound
follows from an argument similar to Dixit (1991).

Asymptotic Distribution. Given this, we can derive the asymptotic distribution. Given
our approximation of the value function, we know the asymptotic distribution will have to
scale with pθ{| logpθq|q1{4. Looking at the resulting expression we have that:

fpxq 9 expp�t
2

2 r
2B

?
A

6ρp1� ωqλ
2sq

� expp�t
2

2
1

p1� ωq
b

3σ2

2B

q,

thus, formally, if x� denotes the reset gap, we have

pθ{| logpθq|q�1{4x� Ñd N p0, p1� ωq
c

3σ2

2B q,

so from here we see that the asymptotic variance is increasing in 1 � ω (the share of total
cost that is control costs) and σ2, and it is decreasing in B (if there is higher curvature of the
profit function, mistakes are more costly, and thus the firm makes smaller mistakes in price
space). A more friendly way to write this is that, along the limit x �

�
6σ2

B
� p θ| logpθq|

4 q
	1{4

,
so

x� �d N p0, 3p1� ωqσ2θ

2Bx̄2 q,

from here we can see that the composition of the costs does have an effect on the asymptotic
distribution: a higher share of menu cost (ω close to 1) makes the asymptotic distribution
less dispersed. Yet a third way of writing it is in x{x̄ terms. In particular, the above way of
writing it implies that:

| logpθq|1{2x
�

x̄
Ñd N p0, p1� ωqq
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x�

x̄
�d N p0, p1� ωq

| logpθq|q,

where we used that x4 � 6σ2

4B |θ logpθq| and simplified. So we do get a “square root asymp-
totics”, but it is in x�

x̄
space, and since x̄ also moves, the correct overall scaling with θ

is the one mentioned above. This also gives some intuition for the result below that the
uncertainty about the reset point does not matter at order θ| logpθq|: since the asymptotic
distribution converges to a point mass at zero faster than the bands, it cannot be the case
that the uncertainty about the reset point matters (at this order) for the determination of
the bands, since the bands converge more slowly than the reset price distribution. However,
the convergence rate is | logpθq|1{2, which is quite slow, so for small but not extremely small
θ the asymptotic distribution will be far from degenerate.

Expected Value of Resetting. Given that we have the asymptotic distribution, we
can also try to compute the expected value upon resetting:

ErV s �
»
V pxqfpxqdx.

Using the approximation to the value function, V pxq � V max � p1 � ωqθV pxq � V max

p1� ωqθ we
have:

ErV s � V max � p1 � ωqθ
» 1

2

�
z

pθ{| logpθq|q1{4

2

r
?
A

6ρp1 � ωqλ
2s

b ?
A

6ρp1�ωqλ
2a

2πpθ{| logpθq|q1{2 �

expp�1
2

�
z

pθ{| logpθq|q1{4

2

r
?
A

6ρp1 � ωqλ
2sqdz.

Letting y � z

pθ{| logpθq|q1{4 � r
?
A

6ρp1�ωqλ
2s1{2, then dz � pθ{| logpθq|q1{4r

?
A

6ρp1�ωqλ
2s�1{2dy and

thus:

ErV s � V max � p1� ωqθ
2

»
y2 e

� y2
2?

2π
dy

� V max � opθ| logpθq|q,

therefore, inaction is a consequence of the cost component of the control cost model: the
fact that x is uncertain does not matter at the leading order. Intuitively, given that the
order of the errors is small, even though we make errors in individual realizations, they go
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to zero fast compared to the curvature of V , and thus resetting with error has no effect on
the expected value of V upon reset (to the leading order θ| logpθq|).

OA.C.2 Proof of Proposition 12

Let
aj :�

�
1�

» 1

�1
cos

�
jπpu� 1q� dF̃ puq
�

2
jπ


2

, λ :� �Np1� Erx̃2sqπ2

2 .

Then
Y ptq � 1

1� Erx̃2s
8̧

j�1
aje

λj2t.

We first note that Y p0q � 1. Indeed, for each u P r�1, 1s, 1�u2 � °8
j�1

�
1� cos

�
jπpu� 1q�� � 2

jπ

	2
,

which is the standard Fourier series of 1� u2 on r�1, 1s. Integrating both sides with respect
to dF̃ puq gives 1� Erx̃2s � °8

j�1 aj, and therefore Y p0q � 1. Hence

1� Y ptq � 1
1� Erx̃2s

8̧

j�1
aj
�
1� eλj

2t
�
.

Substituting the definition of aj,

1� Y ptq � 4
π2p1� Erx̃2sq

8̧

j�1

1� eλj
2t

j2

� 4
π2p1� Erx̃2sq

» 1

�1

8̧

j�1
cos

�
jπpu� 1q�1� eλj

2t

j2 dF̃ puq.

We treat the two terms separately. For the first term, the standard small-t expansion is

8̧

j�1

1� eλj
2t

j2 �
?
�πλt� op

?
tq.

Therefore
4

π2p1� Erx̃2sq
8̧

j�1

1� eλj
2t

j2 � 4
?�πλt

π2p1� Erx̃2sq � op
?
tq.

Since λ � �Np1�Erx̃2sqπ2

2 , this becomes

2

d
2Nt

πp1� Erx̃2sq � op
?
tq.
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It remains to show that the integral term is op?tq. Define

Htpuq :�
8̧

j�1
cos

�
jπpu� 1q�1� eλj

2t

j2 .

We need to show that
³1
�1 Htpuq dF̃ puq � op?tq. First, fix any δ ¡ 0. If |u| ¤ 1 � δ, then

define the partial sums

Ampuq �
m̧

j�1
cos

�
jπpu� 1q�.

These are bounded uniformly in m and |u| ¤ 1� δ. In particular, let θ � πpu� 1q. Then we
have Ampuq �

°m
j�1 cos

�
jθ
�
. Note that using the formula for a geometric sum:

m̧

j�1
pcospjθq � i sinpjθqq �

m̧

j�1
eijθ

� eiθ
1� eiθm

1� eiθ

� eiθpm�1q{2 sinpmθ{2q
sinpθ{2q

� pcospθpm� 1q{2q � i sinpθpm� 1q{2qq sinpmθ{2q
sinpθ{2q ,

where I used that 1� eix � eix{2pe�ix{2 � eix{2q � �2ieix{2 sinpx{2q. Considering the real part
only we have:

m̧

j�1
cos

�
jθ
� � cospθpm� 1q{2qsinpmθ{2qsinpθ{2q ¤ 1

| sinpθ{2q| ,

but since sinpθ{2q � cospπu2 q this implies that |Ampuq| ¤ 1
cospπu{2q so supm,|u|¤1�δ |Ampuq| ¤

sup|u|¤1�δ
1

cospπu{2q � 1
cospπp1�δq{2q � Cδ. Now let bjptq � eλj

2t. Summing by parts:

8̧

j�1
bjptq cospjπpu� 1qq �

8̧

j�1
Ajpuqpbjptq � bj�1ptqq.

Then

|
8̧

j�1
bjptq cospjπpu� 1qq| ¤ sup |Ajpuq|

8̧

j�1
pbjptq � bj�1ptqq ¤ sup |Ajpuq|b1ptq ¤ Cδ.
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Now note that for each finite m
m̧

j�1
cos

�
jπpu� 1q�1� eλj

2t

j2 � �λ
» t

0

m̧

j�1
cos

�
jπpu� 1q�eλj2sds,

since �λ ³t0 eλj2sds � 1�eλj2t

j2 . Using the uniform bound found above:

|
m̧

j�1
cos

�
jπpu� 1q�1� eλj

2t

j2 | ¤ �λ
» t

0
Cδds � C 1

δt,

so letting m Ñ �8 we obtain that |Htpuq| ¤ C 1
δt so |Htpuq| � Optq for all |u| ¤ 1 � δ as

claimed. Now use the assumption that F̃ has no atoms at �1 or 1. Given ε ¡ 0, choose
δ ¡ 0 so small that F̃

�t|u| ¡ 1� δu�   ε. Then split the integral:

» 1

�1
Htpuq dF̃ puq �

»
|u|¤1�δ

Htpuq dF̃ puq �
»
|u|¡1�δ

Htpuq dF̃ puq.

For the first part, we’ve shown that
����
»
|u|¤1�δ

Htpuq dF̃ puq
���� ¤ C 1

δt.

For the second part,
����
»
|u|¡1�δ

Htpuq dF̃ puq
���� ¤ C

?
t F̃

�t|u| ¡ 1� δu� ¤ Cε
?
t.

Uniformly in u P r�1, 1s, |Htpuq| ¤
°8
j�1

1�eλj2t

j2 � Op?tq.
����
» 1

�1
Htpuq dF̃ puq

���� ¤ Cδt� Cε
?
t.

Divide by
?
t and let t Ó 0. This yields

lim sup
tÓ0

1?
t

����
» 1

�1
Htpuq dF̃ puq

���� ¤ Cε.

Since ε ¡ 0 is arbitrary, » 1

�1
Htpuq dF̃ puq � op

?
tq.
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Combining the two parts, we obtain:

Y ptq � 1� 2

d
2Nt

πp1� Erx̃2sq � op
?
tq.

as claimed.

OA.C.3 Invariance to Small Inflation Trend

The proof follows the same symmetry arguments as Alvarez et al. (2016a), so I keep it
relatively brief. The problem with trend inflation requires additional state variables. For the
manager, we can have the price gaps of individual products xi as states, which now follow
dxi � �µdt� σdWi independently. The HJBQVI of this problem is:

0 � min
#
ρV � p

¸
i

p�Bx2
i � µVi � σ2

2 Viiq � κ

» Ψ

0
maxtV �p0q � pψ � V q, 0udGpψqq, V � pV �pΨqq

+
,

where Vi � BV
Bxi . The max inside the integral operator indicates that the firm only resets if

doing so increases value. The value of resetting V �p0q is defined as:

V �p0q � max
tf̃iu

»
. . .

»
V px1, . . . , xnq

n¹
i�1

f̃ipxiqdxi�θ
ņ

i�1

»
log

�
f̃ipxiq{f̄pxiq

�
f̃ipxiqdxi s.t

»
f̃ipxiqdxi � 1 @i.

First, note that if f̄ is symmetric around 0, the cost of choosing f̂pxq � fp�xq is the same
as choosing f , since:

» 8

�8
logpfp�xq{f̄pxqqfp�xqdx �

» 8

�8
logpfpuq{f̄p�uqqfpuqdu

�
» 8

�8
logpfpuq{f̄puqqfpuqdu,

where we just change variables and use symmetry of f̄ . Given this, we start by proving some
symmetry properties of V px1, . . . , xn;µq and fpx;µq.

Lemma OA.1. V px1, . . . , xn;�µq � V p�x1, . . . ,�xn;µq, V �p0;µq � V �p0;�µq and fpx, µq �
fp�x,�µq.

Proof. Define Upu1, . . . , un;µq :� V p�u1, . . . ,�un;µq, so that Ui � �Vip�u;µq and Uii �
Viip�u;µq for all i. Substituting xi � �ui into the original HJBQVI and using these relations
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yields:

0 � min
#
ρU �

�¸
i

�
�Bu2

i � µUi � σ2

2 Uii


� κ

» Ψ̄

0
max tU�p0q � pψ � Uq, 0u dGpψq

�
, U � pU�pΨqq

+
,

where the sign on µUi has flipped relative to the original equation. This is precisely the
HJBQVI for an economy with drift parameter �µ. It remains to verify that the reset value
is self-consistent, i.e., U�p0;µq � V �p0;µq. By definition:

U�p0;µq � max
tf̃iu

»
� � �

»
V p�u1, . . . ,�un;µq

¹
i

f̃ipuiq du� θ
¸
i

»
log

�
f̃ipuiq
f̄puiq



f̃ipuiq dui.

Change variables yi � �ui and define f̂ipyiq � f̃ip�yiq, so that
³
f̂ipyiq dyi � 1. The entropy

cost is thus:
»

log
�
f̃ip�yiq
f̄p�yiq



f̃ip�yiq dyi �

»
log

�
f̂ipyiq
f̄p�yiq

�
f̂ipyiq dyi �

»
log

�
f̂ipyiq
f̄pyiq

�
f̂ipyiq dyi,

where the last equality uses the symmetry of f̄ around zero. Therefore:

U�p0;µq � max
tf̂iu

»
� � �

»
V py;µq

¹
i

f̂ipyiq dy � θ
¸
i

»
log

�
f̂ipyiq
f̄pyiq

�
f̂ipyiq dyi � V �p0;µq.

Thus Upu;µq satisfies the HJBQVI for the p�µq-economy with reset value V �p0;µq. By
uniqueness of the solution to the HJBQVI, Upu;µq � V pu;�µq, which gives V p�x;µq �
V px;�µq, or equivalently V px1, . . . , xn;�µq � V p�x1, . . . ,�xn;µq. In order to see that
V �p0;�µq � V �p0;µq, take the definition of V �p0;µq and apply the first identity to write
V px;µq � V p�x;�µq, the same change of variables yi � �xi and f̂ipyiq � f̃ip�yiq (again
invoking symmetry of f̄) yields:

V �p0;µq � max
tf̂iu

»
� � �

»
V py;�µq

¹
i

f̂ipyiq dy � θ
¸
i

»
log

�
f̂ipyiq
f̄pyiq

�
f̂ipyiq dyi � V �p0;�µq.

Finally, the change of variables above defines a bijection between the feasible sets of the
optimization problems for µ and �µ:

f̃ip � ;µq ÐÑ f̂ip � ;�µq � f̃ip� � ;µq,

39



that preserves the objective value exactly. Since the KL divergence term θ
°
i

³
logpf̃i{f̄q f̃i dxi

is strictly convex in f̃i, the optimizer is unique. Therefore, if f�p � ;µq is the optimal posterior
for the case with µ, then f̂�i pyq :� f�i p�y;µq must be the unique optimizer for the economy
with �µ, giving fpx;µq � fp�x;�µq.

The fact that fpx, µq � fp�x,�µq implies that all even centered moments of x� satisfy
Erpx� � Erx�sqm|µs � Erpx� � Erx�sqm| � µs. Once we have that the value function is
symmetric, the generalized hazard function Λpx1, . . . xn, µq � κGpV �p0;µq � V px;µqq also
satisfies Λpx1, . . . xn, µq � Λp�x1, � � � � xn,�µq, and the same holds for the inaction set if
Ψ   �8. In conjunction with fpx, µq � fp�x,�µq, this implies that the probability law
for xi,t with µ has exactly the same stochastic process as ui,t � �xi,t with �µ. Given that
price changes are ∆p � x� � x, and since the distribution of x� under µ is the same as �x�
under �µ, and the same applies to x, we have that the distribution of ∆p under µ is the
same as the distribution of �∆p under �µ. For the same reason as for x�, this implies that
all centered even moments are symmetric around µ � 0, i.e., Varp∆p|µq � Varp∆p| � µq,
Kurtp∆p|µq � Kurtp∆p| � µq, and so on. Finally, since the law of ui,t is the same as that of
xi,t, the invariant density satisfies gpx1, ..., xn;µq � gp�x1, ...,�xn;�µq. Thus, the frequency
of price changes N is also symmetric in µ, Npµq � Np�µq. Since all relevant moments for
the sufficient statistics result are symmetric around µ, and for any symmetric function ϕ we
have that ϕ1p0q � 0, this shows that all moments are invariant to µ at µ � 0 if we assume
that these moments are differentiable as a function of µ. Since the reset gap distribution
satisfies those symmetry properties, it follows that β1 and β2 are also invariant to first order.

For the output IRF, once we have that gpx1, ..., xn;µq � gp�x1, ...,�xn;�µq and that
the hazard function and inaction sets satisfy the relevant symmetry properties, the same ar-
gument in the Appendix of Alvarez et al. (2016a) applies, and thus Mpδ, µq � �Mp�δ,�µq,
so M1p0, µq � M1p0,�µq, and thus once again, non-neutrality is invariant to µ when µ � 0.

OA.C.4 Proof of Calvo Hazard

First, using that the random menu costs have a mass point at zero and that Ψ Ñ �8. For
the purpose of this subsection and the next, let y � 1

n

°n
i�1 x

2
i be the average squared gap.

This alternative convention allows us to see more easily what happens as n Ñ �8. Then
HJB in this case reads:

ρV � �By � σ2Vy � 2σ
2

n
yVyy � κmaxtV � � V pyq, 0u,
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Note that in the case of perfect reset, V � � maxy V pyq, so the maxtV ��V pyq, 0u � V ��V pyq
and we get the typical Calvo HJB. In the case of n Ñ �8, y� � °n

i�1pxiq2{n Ñ Varpx�q.
Since we are taking θ Ñ �8, this implies we choose f� � f̄ and thus V � � ErV py�qs.7

Using the continuous mapping theorem, we have that as n Ñ �8, V � � V pVarpx�qq.
Now, given the definition of y, its law of motion for an arbitrary n is given by dy � σ2dt �
2σ

a
y{ndW . As nÑ �8, dy � σ2dt. This implies that upon reset, y starts at Varpx�q and

deterministically increases. Since V pyq is decreasing in y, this implies that V pyq ¤ V � for all
y ¥ Varpx�q. But since y can only be above Varpx�q in the continuation region, this implies
that maxtV ��V pyq, 0u � V ��V pyq for all relevant y, and thus we get a pure Calvo hazard
for the relevant region.

Note that for an arbitrary, finite θ, there will be in general some values for which
V pyq ¡ V �. This is because V � � ErV py�qs � θCpf�||f̄q, so the “pure cost” component
θCpf�||f̄q will also appear. In that case, the model will behave similarly to a random menu
cost model where the cost of resetting if an opportunity arrives is not zero. Note this applies
even if n Ñ �8 and the reset point y� is deterministic: given that the variance of x� is
costly, the firm will have incentives to reduce it and thus will pay a positive cost for it. But
this would imply that there is a region where V pyq ¡ V �, thus generating an inaction region.

OA.C.5 Calvo Model with Mistakes and Mean Reversion

OA.C.5.1 Optimality of a Constant Hazard

Consider a firm with profits π � �By where as in the previous subsection y � 1
n

°n
i�1 x

2
i ,

with xi � pi � zi, and dzi � �ηzidt � σdWi and so dxi � ηzidt � σdWi, and the Brownian
shocks of each product are independent. As before, whenever prices are reset, I impose that
all prices must be reset at the same time. Furthermore, assume as above that θ Ñ �8 so all
reset imperfections are drawn from an exogenous distribution F . In order to get a recursive
representation of the problem, note that profits evolve as:

dy � 1
n

ņ

i�1
2xipηzidt� σdWiq � σ2dt

� p2ηw � σ2qdt� 2σ
a
y{ndWy,

7Alternatively, one can think that the cost functional is CpF q � 0 if F � F̄ , and �8 otherwise.
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now I have to deal with the w � 1
n

°n
i�1 xizi � 1

n

°n
i�1ppi � ziqzi term. Then:

dw � 1
n

ņ

i�1
ppi � 2ziqp�ηzidt� σdWiq � σ2dt

� p�ηpw � hq � σ2qdt� σ
a
py � h� 2wq{ndWw,

and thus we need to get the law of motion of a new variable, h � 1
n

°n
i�1 z

2
i , which satisfies:

dh � 1
n

ņ

i�1
2zip�ηzidt� σdWiq � σ2dt

� pσ2 � 2ηhqdt� 2σ
a
h{ndWh,

completing the other two yields:

dy � p2ηw � σ2qdt� 2σ
a
y{ndWy

dw � pηph� wq � σ2qdt� σ
a
py � h� 2wq{ndWw

dh � pσ2 � 2ηhqdt� 2σ
a
h{ndWh.

For finite n, the three Brownian drivers are correlated because they are constructed from
the same product shocks. Where the denominators are positive, define

dWy �
°
i xi dWi?
ny

, dWw �
°
ipxi � ziq dWia
npy � h� 2wq , dWh �

°
i zi dWi?
nh

.

Equivalently, the diffusion terms in pdy, dw, dhq are

σ

n

ņ

i�1
p�2xi, xi � zi, 2ziq dWi,

which remains well defined when a denominator above is zero. As in the main text, ε�i is the
independent, mean-zero reset error, whereas the total post-reset gap is x�i � pc̄ � 1qzi � ε�i .
Taking nÑ 8 we have the deterministic system:

9y � p2ηw � σ2q
9w � pηph� wq � σ2q
9h � pσ2 � 2ηhq.
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Assume the product-level desired prices are initially independent draws from their stationary
Ornstein–Uhlenbeck distribution, with variance σ2{p2ηq. In the large-product limit, h is
constant and equal to the unconditional variance of an OU process, h � σ2

2η . This reduces
the problem to:

9y � p2ηw � σ2q
9w � �ηw � σ2

2 .

For any wp0q, we can solve the second equation as: wptq � �σ2

2η�pwp0q� σ2

2η qe�ηt � wp0qe�ηt�
σ2

2η p1 � e�ηtq. Given this, note that under our assumptions firms reset to pi � c̄zi � ε�i so
wp0q � 1

n

°ppc̄ � 1qzi � ε�i qzi Ñ pc̄ � 1qσ2

2η . Since c̄ � ρ�κ
ρ�κ�η , c̄ � 1 � � η

ρ�κ�η and thus
wptq � �σ2

2η

�
η

ρ�κ�ηe
�ηt � p1� e�ηtq

	
. Essentially, wptq starts at � η

ρ�κ�η
σ2

2η and decreases
monotonically and exponentially towards an asymptote of �σ2

2η . Given that w ¡ �σ2

2η this
implies that 2ηw � σ2 ¡ 0, so yptq starts at yp0q � pc̄ � 1q2σ2{p2ηq � Varpε�q and increases
monotonically. We can solve for yptq as:

yptq � yp0q � 2η
» t

0
wpsqds� σ2t

� yp0q � σ2
» t

0

�
� ρ� κ

ρ� κ� η
e�ηs � 1



ds� σ2t

� yp0q � σ2 ρ� κ

ρ� κ� η

1� e�ηt

η
.

In order to see what this implies for profits, I guess and verify that the hazard is indeed
constant in the relevant range. In the limiting model considered here, reset is free at an
opportunity, so V � � V �� � V pyp0q, wp0qq. From the guess, the value function V py, wq
solves

ρV � �By � p2ηw � σ2qVy � 1
2p2ηw � σ2qVw � κpV � � V q.

Given the Calvo hazard, the value function corresponds to the particular solution of the
HJB, which is linear in y and w as:

V � a0y � a1w � a2.
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Plugging this into the equation we get:

ρa0 � �B � κa0

ρa1 � 2ηa0 � ηa1 � κa1,

and an equation for a2. We can solve for a0 and a1 to yield:

a0 � � B

ρ� κ

a1 � � 2ηB
pρ� κqpρ� κ� ηq .

This implies that V is monotonically decreasing in both y and w. With that, we can evaluate
V at each point in time as:

V pyptq, wptqq � � B

ρ� κ

�
yp0q � σ2 ρ� κ

ρ� κ� η

1 � e�ηt

η




� 2ηB
pρ� κqpρ� κ� ηq

�
�σ

2

2η

�
η

ρ� κ� η
e�ηt � p1 � e�ηtq




� a2

� σ2Be�ηt

�
1
η

1
ρ� κ� η

� 2η
pρ� κqpρ� κ� ηq

1
2η

ρ� κ

ρ� κ� η



� Constants.

but

1
η

1
ρ� κ� η

� 2η
pρ� κqpρ� κ� ηq

1
2η

ρ� κ

ρ� κ� η
� 1

ρ� κ� η

�
1
η
� 1
ρ� κ� η

�
¡ 0,

since ρ� κ ¡ 0. Thus, upon reset, the value function is monotonically decreasing over time,
i.e., V pyptq, wptqq   V pyp0q, wp0qq for all t ¡ 0, and thus the firm strictly prefers to reset
prices if given the chance to do it for free, so a constant hazard is optimal. Therefore, the
same justification as in the multiproduct case with η � 0 works: after the firm resets all its
prices, its profits worsen monotonically, and therefore the firm will choose to reset again if
given the chance to do it for free.

OA.C.5.2 Aggregation

The above derivation justifies equation (5.2). In this subsection, we derive analytical formulas
for the moments of interest. First, I derive the case without mistakes, and later on I add
mistakes.
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Perfect Reset.

Let zn � zi,τi,n denote the relevant variables at the time of a price change, where we drop
the i subscript. The subsequent derivations use the time-series expectations of the relevant
variables, but due to ergodicity these are equivalent to the cross-sectional expectations of
interest (see Hamilton (1994)). For the unconditional variance of price changes, we have:

Varppn � pn�1q � c̄2Varpzn � zn�1q
� 2c̄2pVarpznq � Covpzn, zn�1qq,

but

Covpzn, zn�1q � ErErznzn�1|τi,n, τi,n�1ss
� Ere�η∆τnpzn�1q2s
� VarpznqEre�η∆τns,

due to stationarity so

Varppi,n � pi,n�1q � 2Varpzqc̄2p1� κ

κ� η
q

� σ2 pρ� κq2
pρ� κ� ηq2pκ� ηq ,

when η � 0, this reduces to σ2{κ which is the usual formula. Note also that higher η (more
mean reversion) decreases the variance. This is intuitive: as the process for flexible prices
drifts less far, the size of price changes is smaller.

Throughout this derivation, ∆τn � τi,n�τi,n�1 denotes a spell duration, and pn � pi,τi,n .
Durations are independent exponential draws with rate κ, independent of the desired-price
shocks and reset errors. Consequently the duration-regression slope is β̃3 � 0, so the adjusted
statistic β2 equals the raw squared-change slope β̃2 in this model. For β̃2 we need to compute:

β̃2 � Covppzn�1 � znq2, pzn � zn�1q2q
Varppzn�1 � znq2q .

I use the following fact: if px1, x2q are jointly Gaussian with mean-zero, then Covppx1q2, px2q2q �
2Covpx1, x2q2. I apply this here conditionally on the stopping times. Since

Covppzn�1 � znq2, pzn � zn�1q2q � ErCovppzn�1 � znq2, pzn � zn�1q2|τn�1, τn, τn�1qs
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�Cov
�
Erpzn�1 � znq2|τn�1, τn, τn�1s,Erpzn � zn�1q2|τn�1, τn, τn�1s

�
� 2ErCovppzn�1 � znq, pzn � zn�1q|τn�1, τn, τn�1q2s
� 2Varpzq2Erpe�η∆τn�1 � 1 � e�ηp∆τn�∆τn�1q � e�η∆τnq2s
� 2Varpzq2Errpe�η∆τn � 1qp1 � e�η∆τn�1qs2s
� 2Varpzq2Erp1 � e�η∆τn�1q2s2.

notice that

Erpzn�1 � znq2|τn�1, τn, τn�1s � 2pVarpzq � Covpzn�1, znqq
� 2V arpzqp1� e�η∆τn�1q,

and analogously Erpzn� zn�1q2|τn�1, τn, τn�1s � 2V arpzqp1� e�η∆τnq but since durations are
independent, the covariance term is zero. And for the variance:

Varppzn � zn�1q2q � 2ErCovppzn � zn�1q, pzn � zn�1q|τn�1, τn, τn�1q2s � VarpErpzn � zn�1q2|τn�1, τn, τn�1sq
� 2Varpzq2Erp2 � 2e�η∆τnq2s � 4Varpzq2Varpp1 � e�η∆τnqq
� 8Varpzq2Erp1 � e�η∆τn�1q2s � 4Varpzq2pErp1 � e�η∆τnq2s � Erp1 � e�η∆τnqs2q.

thus:

β̃2 � 2Varpzq2 �Erp1� e�η∆τnq2s�2

8Varpzq2Erp1� e�η∆τnq2s � 4Varpzq2Varp1� e�η∆τnq

�
�
Er1� 2e�η∆τn � e�2η∆τns�2

4Erp1� e�η∆τnq2s � 2Varp1� e�η∆τnq .

but Erp1�2e�η∆τn�1�e�2η∆τn�1qs � 1�2 κ
κ�η� κ

κ�2η and Erp1�e�η∆τnqs2 � p1� κ
κ�η q2 � η2

pκ�ηq2 .

Note that:

Varpp1� e�η∆τnqq � 1� 2 κ

κ� η
� κ

κ� 2η �
η2

pκ� ηq2

� pκ� ηq2pκ� 2ηq � 2κpκ� ηqpκ� 2ηq � κpκ� ηq2 � η2pκ� 2ηq
pκ� ηq2pκ� 2ηq

� pη � κqpκ� ηqpκ� 2ηq � κpκ� ηq2 � η2pκ� 2ηq
pκ� ηq2pκ� 2ηq

� p�κ2qpκ� 2ηq � κpκ� ηq2
pκ� ηq2pκ� 2ηq
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� κppκ� ηq2 � κpκ� 2ηqq
pκ� ηq2pκ� 2ηq � κη2

pκ� ηq2pκ� 2ηq .

Notice also that this gives us a clean way to compute the kurtosis of price changes, since for
any mean zero random variable:

Varpx2q � Erx4s � Erpxq2s2

� Varpxq2pKurtpxq � 1q.

So:

Kurtp∆pq � Kurtp∆zq
� Varpp∆zq2q{pVarp∆zq2q � 1

�
8Varpzq2p1� 2 κ

κ�η � κ
κ�2η q � 4Varpzq2 κη2

pκ� ηq2pκ� 2ηq
p2Varpznqp η

κ�η qq2
� 1

�
2p1� 2 κ

κ�η � κ
κ�2η q �

κη2

pκ� ηq2pκ� 2ηq
pp η
κ�η qq2

� 1,

but

p1� 2 κ

κ� η
� κ

κ� 2η q � pκ� ηqpκ� 2ηq � 2κpκ� 2ηq � κpκ� ηq
pκ� ηqpκ� 2ηq

� pη � κqpκ� 2ηq � κpκ� ηq
pκ� ηqpκ� 2ηq

� η2 � κ2 � ηpη � κq � κpκ� ηq
pκ� ηqpκ� 2ηq

� 2η2

pκ� ηqpκ� 2ηq ,

so

Kurtp∆pq �
4η2

pκ� ηqpκ� 2ηq �
κη2

pκ� ηq2pκ� 2ηq
pp η
κ�η qq2

� 1

� 4η2pκ� ηq � κη2

pκ� 2ηqη2 � 1
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� 4pκ� ηq � κ� pκ� 2ηq
pκ� 2ηq � 6pκ� ηq

κ� 2η ,

notice also that:

BKurtp∆pq
Bη � 6pκ� 2ηq � 12pκ� ηq

pκ� 2ηq2
BKurtp∆pq

Bη � �6κ
pκ� 2ηq2   0,

and at η � 0 this derivative is �6{κ.

Adding Mistakes. First, the variance of price changes:

Varp∆pnq � c̄2Varpzn � zn�1q � 2Varpε�q
� c̄2p σ2

κ� η
q � 2Varpε�q,

where we use the value of Varpzn � zn�1q computed above. For the kurtosis, we need:

Erp∆pnq4s � Erpc̄pzn � zn�1q � ε�n � ε�n�1q4s
� Erpc̄pzn � zn�1qq4s � 4Erpc̄pzn � zn�1qq3pε�n � ε�n�1qs �

6Erpc̄pzn � zn�1qq2pε�n � ε�n�1q2s � 4Erpc̄pzn � zn�1qqpε�n � ε�n�1q3s
�Erpε�n � ε�n�1q4s

� Erpc̄pzn � zn�1qq4s � 6Erpc̄pzn � zn�1qq2sErpε�n � ε�n�1q2s � Erpε�n � ε�n�1q4s,

but Erpε�n�ε�n�1q2s � 2Varpε�q and Erpε�n�ε�n�1q4s � 2Erpε�q4s�6Erpε�q2s2 � 2Varpε�q2pKurtpε�q�
3q and we have already computed the other moments above, so we get:

Erp∆pnq4s � Erpc̄pzn � zn�1qq4s � 12Erpc̄pzn � zn�1qq2sVarpε�q � 2Varpε�q2pKurtpε�q � 3q,

and with that we can compute the kurtosis. For the predictability coefficients:

Covpc̄pzn�1 � znq � ε�n�1 � ε�n, c̄pzn � zn�1q � ε�n � ε�n�1q
Varp∆pnq �

Cov pc̄pzn�1 � znq, c̄pzn � zn�1qq � Varpε�q
Varp∆pnq .
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where we have computed the covariance already. Finally, for β̃2

β̃2 � Covppc̄pzn�1 � znq � ε�n�1 � ε�nq2, pc̄pzn � zn�1q � ε�n � ε�n�1q2q
Varpp∆pnq2q ,

for the numerator, note that:

pc̄pzn�1 � znq � ε�n�1 � ε�nq2 � pc̄pzn�1 � znqq2 � 2pε�n�1 � ε�nqc̄pzn�1 � znq
�pε�n�1 � ε�nq2

� pc̄pzn�1 � znqq2 � 2pε�n�1 � ε�nqc̄pzn�1 � znq
�pε�n�1q2 � 2ε�n�1ε

�
n � pε�nq2.

so the covariance in the numerator reduces to:

Covp. . . q � Covppc̄pzn�1 � znqq2, pc̄pzn � zn�1qq2q �
Covppc̄pzn�1 � znqq2, 2pε�n � ε�n�1qc̄pzn � zn�1qq �
Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, pc̄pzn � zn�1qq2q �
Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, 2pε�n � ε�n�1qc̄pzn � zn�1qq �
Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, pε�n � ε�n�1q2q �
Covppε�n�1 � ε�nq2, 2pε�n � ε�n�1qc̄pzn � zn�1qq �
Covppε�n�1 � ε�nq2, pε�n � ε�n�1q2q.

where I omitted some terms that are clearly zero due to independence. Note that Covppc̄pzn�1�
znqq2, 2pε�n � ε�n�1qc̄pzn � zn�1qq � 0 since the second part has mean zero, and we can use
independence. For the same reason Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, pc̄pzn� zn�1qq2q drops out.
A similar argument applies to Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, pε�n � ε�n�1q2q and Covppε�n�1 �
ε�nq2, 2pε�n � ε�n�1qc̄pzn � zn�1qq . So we are left with:

Covp. . . q � Covppc̄pzn�1 � znqq2, pc̄pzn � zn�1qq2q �
Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, 2pε�n � ε�n�1qc̄pzn � zn�1qq �
Covppε�n�1 � ε�nq2, pε�n � ε�n�1q2q.

We have already computed the first term. For the second term, note that both components
have mean zero, so:
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Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, 2pε�n � ε�n�1qc̄pzn � zn�1qq �
4c̄2Covppzn�1 � znq, pzn � zn�1qqCovpε�n�1 � ε�n, ε

�
n � ε�n�1q �

4c̄2Covppzn�1 � znq, pzn � zn�1qqp�Varpε�qq,

and for the last term:

Covppε�n�1 � ε�nq2, pε�n � ε�n�1q2q � Covppε�n�1q2 � 2ε�n�1ε
�
n

�pε�nq2, pε�nq2 � 2ε�nε�n�1 � pε�n�1q2q
� Varppε�nq2q � Varpε�q2rKurtpε�q � 1s,

so putting everything together the numerator is:

Covp. . . q � c̄4Cov
�pzn�1 � znq2, pzn � zn�1q2

�
�4c̄2Varpε�qCovppzn�1 � znq, pzn � zn�1qq � Varpε�q2rKurtpε�q � 1s.

For the denominator:

Varpp∆pq2q � Varppc̄pzn�1 � znqq2q � Varp2pε�n�1 � ε�nqc̄pzn�1 � znqq � Varppε�n�1 � ε�nq2q
�2Covppc̄pzn�1 � znqq2, 2pε�n�1 � ε�nqc̄pzn�1 � znqq
�2Covppc̄pzn�1 � znqq2, pε�n�1 � ε�nq2q
�2Covp2pε�n�1 � ε�nqc̄pzn�1 � znq, pε�n�1 � ε�nq2q.

but for similar reasons as above, all covariances are zero. Note also that Varp2pε�n�1 �
ε�nqc̄pzn�1 � znqq � 4Varpε�n�1 � ε�nqVarpc̄pzn�1 � znqq � 8Varpε�qVarpc̄pzn�1 � znqq. Also note
that:

Varppε�n�1 � ε�nq2q � Erpε�n�1 � ε�nq4s � Erpε�n�1 � ε�nq2s2

� 2Erpε�q4s � 6Erpε�q2s2 � p2Erpε�q2sq2

� 2pErpε�q4s � Erpε�q2s2q � 2Varpε�q2pKurtpε�q � 1q.

Thus, putting everything together:

β̃2 � c̄4Cov
�pzn�1 � znq2, pzn � zn�1q2

�� 4c̄2Varpε�qCovppzn�1 � znq, pzn � zn�1qq � Varpε�q2rKurtpε�q � 1s
Varppc̄pzn�1 � znqq2q � 8Varpε�qVarpc̄pzn�1 � znqq � 2Varpε�q2pKurtpε�q � 1q .

Calibrating the parameters from the formulas. I take κ as something we cali-
brate exogenously from the frequency, ρ as fixed, and η as something we calibrate externally.
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Our remaining observables are Varp∆pq, Kurtp∆pq, β1 and β2. First, for Varp∆pq we have:

Varp∆pq � c̄2p σ2

κ� η
q � 2Varpεq

and from Covp∆pt�τ ,∆ptq � �pσ2

2η c
2p η
η�κq2 � Varpε�qq � �pc2 σ2

2
η

pκ�ηq2 � Varpε�qq so from
this, we have:

Varp∆pqp1� 2β1q � c̄2p σ2

κ� η
q � c2σ

2 η

pκ� ηq2
Varp∆pqp1� 2β1q � c̄2σ2 κ

pκ� ηq2

which directly identifies σ2. Given that, we can then identify Varpε�q directly. We then
have one parameter (Kurtpε�q) to match both β2 and Kurtp∆pq. I match β̃2 and then see
how far off I am in the kurtosis. For the elements of β̃2, we have the following closed-form
expressions:

Cov
�pzt�τn�1 � zt�τnq2, pzt�τn � zt�τn�1q2

� � 2Varpzq2Erp1� e�η∆n�1q2s2

� 2Varpzq2p 2η2

pκ� ηqpκ� 2ηqq
2

Varppzt�τn�1 � zt�τn
qq2q � 8Varpzq2Erp1 � e�η∆n�1q2s � 4Varpzq2Varpp1 � e�η∆τnqq

� 4Varpzq2
� p5κ� 4ηq
pκ� ηq2pκ� 2ηqη

2



Covppzt�τn�1 � zt�τn
q, pzt�τn

� zt�τn�1qq � �Varpzqpη{pη � κqq2

Varppzt�τn�1 � zt�τn
qq � 2Varpzqp η

κ� η
q

so using that we can recover Kurtpεq from β̃2 as:

β2rVarpc̄pzt�τn�1 � zt�τnqq2q � 8Varpε�qVarpc̄pzt�τn�1 � zt�τnqq
�2Varpε�q2pKurtpεq � 1qs �

c̄4Cov
�pzt�τn�1 � zt�τn

q2, pzt�τn
� zt�τn�1q2

�
�4c̄2Varpε�qCovppzt�τn�1 � zt�τn

q, pzt�τn
� zt�τn�1qq � Varpε�q2rKurtpε�q � 1s

51



so

Kurtpε�q � pNumq{pVarpε�q2p2β2 � 1qq.

where

Num � �β2rVarpc̄pzt�τn�1 � zt�τn
qq2q � 8Varpε�qVarpc̄pzt�τn�1 � zt�τn

qq � 2Varpε�q2qs
�c̄4Cov

�pzt�τn�1 � zt�τn
q2, pzt�τn

� zt�τn�1q2
�

�4c̄2Varpε�qCovppzt�τn�1 � zt�τn
q, pzt�τn

� zt�τn�1qq � Varpε�q2.

OA.D Microfoundations and Approximations

The analysis in the main text uses several simplifying assumptions and approximations, such
as quadratic profits, continuous time, and computing the IRF based on linear formulas. The
underlying microfoundations follow from Alvarez and Lippi (2014). The specification for the
control costs, which allows us to write that problem as a function of a single state, is novel
to this paper. I also present the underlying discrete time approximation to the continuous
time specification used in the paper.

OA.D.1 General Equilibrium Setup

Time is continuous and indexed by t P r0,�8q. There is a continuum of households with dis-
count rate ρ and utility

³8
0 e�ρtrlogpCptqq�αLptq� logpMptq

P ptq qsdt, where Cptq is a consumption
composite, Lptq is labor, Mptq is the nominal money stock and P ptq is the aggregate price
level. There is a continuum of firms k P r0, 1s. Each firm sells n ¥ 1 different products, in-

dexed by i. The consumption composite is given by Cptq �
�³1

0
°n
i�1pZk,iptqck,iptqq

ξ�1
ξ dk

	 ξ
ξ�1

where Zk,iptq are preference shocks as standard in the literature. Households maximize utility
by choosing ck,iptq, Lptq,Mptq subject to a budget constraint:

Mp0q �
» 8

0
QptqrΠ̃ptq � p1� τLqW ptqLptq �RptqMptq �

» 1

0

ņ

i�1
p̃k,iptqck,iptqdksdt � 0,

where Qptq � e�
³t
0 Rpsqds, Rptq is the nominal interest rate, Π̃ptq is aggregate profits, τL is a

labor subsidy, W ptq is the nominal wage, and p̃k,iptq are the prices of good i sold by firm
k. Note that due to the homotheticity of the aggregator,

³1
0
°n
i�1 p̃k,iptqck,iptqdk � P ptqCptq.

Letting λ0 be the Lagrange multiplier of the aggregate budget constraint, the FOCs for the
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household imply:

e�ρt

Cptq � λ0QptqP ptq
e�ρt

Mptq � λ0QptqRptq
αe�ρt � λ0p1� τLqQptqW ptq

e�ρt
1

CptqCptq
1{ξc�1{ξ

k,i pZk,iptqq1�1{ξ � λ0Qptqp̃k,iptq.

Assume that money follows Mptq � Mp0q exppµtq. This implies that for all t, Rptq � ρ � µ

W ptq � α
1�τL pr � µqMptq and λ0 � ppρ � µqMp0qq�1. From the FOCs for consumption and

labor we have Cptq � 1�τL
α

W ptq
P ptq . Using the FOCs for ck,i, Cptq and the last equation we

get ck,iptq � pCptqq1�ξpZk,iptqqξ�1
�

α
1�τL

p̃k,iptq
W ptq

	�ξ
. When considering the effect of a monetary

shock, I assume µ � 0, and that initially Mp0q{P p0q (where P p0q is consistent with the
invariant distribution of price gaps) is at steady state. I then consider a perturbed initial
condition Mp0qeδ where δ is small.

The production function for good i in firm k at time t is linear in labor with pro-
ductivity 1{Zk,ipiq. Thus, Zk,iptq indexes shocks to both preferences and technology. This
assumption is standard in the literature, and it allows me to reduce the firm’s problem
to a single state variable when Zk,i follows a random walk. The nominal marginal cost
is thus W ptqZk,iptq. The nominal profit for a firm k selling product i at price p̃k,i is
pCptqq1�ξpZk,iptqqξ�1

�
α

1�τL
p̃k,iptq
W ptq

	�ξ
rp̃k,iptq �W ptqZk,iptqs. Rearranging yields:

W ptqpCptqq1�ξ
�

α

1� τL

p̃k,iptq
Zk,iptqW ptq


�ξ
r p̃k,iptq
W ptqZk,iptq � 1s.

Given the CES structure, the static profit-maximizing price is p�k,iptq � ξ
ξ�1Zk,iptqW ptq.

Letting xi,kptq � log p̃k,iptq
p�k,iptq

be the price gap, the profit of a given product sold by a given

firm is W ptqpCptqq1�ξΠpxk,iq where:

Πpxq � p α

1� τL

ξ

ξ � 1q
�ξe�ξxp ξ

ξ � 1e
x � 1q.

Note also that Πpxq{Πp0q � e�ξxp1� ξex � ξq, which I use below. Given this, the aggregate
price index P ptq can be entirely characterized as a function of W ptq and price gaps. In
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particular, the ideal price index satisfies:

P ptq � W ptq ξ

ξ � 1

�» 1

0

ņ

i�1
ep1�ξqxk,idk

�1{p1�ξq

.

OA.D.1.1 Firm’s Problem

The firm’s problem is to choose stopping times at which prices change, tτju8j�1 and, at time
τj conditional reset-gap distributions for each product, tf�j,iu8j�1 in order to maximize the
value of its nominal profits:

E0

�» 8

0
e�ρt

�
ņ

i�1
W ptqpCptqq1�ξΠpxiq

�
dt�

8̧

j�1
W pτjqe�ρτj

ņ

i�1
Cℓpf�j,i||f̄j; ζpτjqq

�
.

The functional Cℓpf�j,i||f̄j; ζpτjqq encodes costs of changing prices, for example menu costs or
control costs. It depends on the chosen conditional distribution for reset gaps f�j,i, as well as
the baseline distribution f̄j, which is taken as given by the firm. I specify the characteristics
of the baseline distribution below.

The process ζptq indexes randomness in price adjustment costs. I discuss some specifi-
cations below. Let Π̂pxiq � Πpxiq{Πp0q, using that equilibrium nominal wages are constant
W ptq{W̄ � eδ and rescaling the cost function appropriately (and letting the rescaled function
be C), we can define the value (per product) as:

V � 1
n

Πp0qW̄eδC̄1�ξE0

�» 8

0
e�ρt

�
ņ

i�1
pCptq
C̄

q1�ξΠ̂pxiq
�
dt�

8̧

j�1
e�ρτj

ņ

i�1
Cpf�j,i||f̄j; ζpτjqq

�
,

where Cpf�j,i||f̄j; ζpτjqq � 1
Πp0qC̄1�ξCℓpf�j,i||f̄j; ζpτjqq is the rescaled version of the cost of chang-

ing prices. Letting SpCptq, xiq � pCptq
C̄
q1�ξΠ̂pxiq � pCptq

C̄
q1�ξe�ξxp1� ξex � ξq, we can expand

it around Cptq � C̄ and x � 0 as

SpCptq, xiq � 1�p1�ξq
�
Cptq � C̄

C̄



�1

2p1�ξq
2
�
Cptq � C̄

C̄


2

�ξpξ � 1q
2 x2

i�op||Cptq�C̄, xi||2q,
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where I used that Π1p0q � 0, Π2p0q � �ξpξ � 1q and thus B2

BCptqBxiSpCptq, xiq � 0. Letting:

V � Er
» 8

0
e�ρt

1
n

ņ

i�1
p�Bx2

i qdt�
8̧

j�1
e�ρτj

1
n

ņ

i�1
Cpf�j,i||f̄j; ζpτjqqs,

we can write:

V � Πp0qW̄eδC̄�ξV � ιpδ, tCptquq �
» 8

0
e�ρtop||Cptq � C̄, xi||2qdt,

where ιpδ, tCptquq collects all terms from SpCptq, xiq that are independent of x. Note that,
for particular choices of C and some assumptions on the law of motion of xi, if B � ξpξ�1q{2,
V satisfies the recursive formulas derived above, so this provides a formal justification for
the quadratic profit function as a second-order approximation to the true profit function.
For this approximation to be valid, deviations from the optimal price must not be too large.
This can be justified by taking the variance of idiosyncratic shocks and price adjustment
costs to zero at the correct rate. See Auclert et al. (2024) Online Appendix E for details.

OA.D.1.2 Specifications of Price Adjustment Cost Functional

In this section I describe several specific patterns of adjustment costs nested in the above
notation. Let ζptq be a compound Poisson process: jumps occur with arrival rate κ, and
when a jump occurs, the size of the jump is ψ, drawn from a distribution Gpψq. Thus
ζptq � °Nptq

i�1 ψi where Nptq is the associated Poisson counting process.

Calvo Pricing. Calvo (1983) pricing is obtained by assuming that, if dζ ¡ 0, Cpf�j,i||f̄j; ζptqq �
0, otherwise Cpf�j,i||f̄j; ζptqq � �8.

Fixed Menu Costs. A model with fixed menu costs (Golosov and Lucas, 2007) is ob-
tained by assuming Cpf�j,i||f̄j; ζptqq � Ψ for all ζ.

Random Menu Costs. The random menu cost specification in Alvarez et al. (2021) is
obtained by assuming that if dζ ¡ 0, Cpf�j,i||f̄j; ζptqq � ψj and otherwise Cpf�j,i||f̄j; ζptqq � Ψ.

Mixed Control Cost, Menu Cost Model. The mixed model in Section OA.B.3 is
obtained by assuming Cpf�j,i||f̄j; ζptqq � θp1 � ωqIpf�j,i||f̄jq � ωĉpθq for a fixed f̄j, and for all
ζptq.
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Mixed Control Cost, Random Menu Cost Model. The mixed model in Section
5.2 is obtained by assuming Cpf�j,i||f̄j; ζptqq � θIpf�j,i||f̄jq �ψj for a fixed f̄j if dζptq ¡ 0, and
Cpf�j,i||f̄j; ζptqq � θIpf�j,i||f̄jq �Ψ otherwise.

OA.D.1.3 Specification of the Baseline Distribution

Besides assuming that xi follow random walks, the other important assumption that allows
us to rewrite the problem as a function of a single state variable is to appropriately scale
f̄j so that everything only depends on the price gap. In order to see why, from the above
problem, assume that the firm’s profits only depend on x � p � z. Then I assume that the
reference distribution is indexed to z as f̄jpp|zq � f̄pp�zq � f̄pxq. For the case in which z is
mean-reverting and there are control costs (Section 5.7), I assume that f̄jpp|zq � f̄pp� c̄zq,
where c̄z is the optimal reset point in the pure Calvo model.

OA.D.2 Continuous Time as a Limit of Discrete Time

I write the model in discrete time, and then I will take the limit to get the continuous time
formulation. I consider the model without random menu costs, but the derivation can be
extended to that case.8 Periods have length ∆. Assume each time the firm changes prices,
it solves a control cost problem with a cost functional CpF q, with CpF q ¥ c ¡ 0 for all F .
Let x be the price gap, and πpxq∆ be profits per period. Assume πpxq is bounded.9 Then
the problem of the firm can be written recursively as:

V pxq � max
 
πpxq∆� e�ρ∆ErV px�∆W qs, V �(

with V � � max
F

»
pπpxq∆� e�ρ∆ErV px�∆W qsqdF pxq � CpF q,

where ∆W is the typical binomial step that converges to a Brownian motion increment.10

Taking the limit as ∆ Ñ 0:

8With random menu (or control) costs, one needs to assume that in each period, the firm can adjust
prices with probability 1 by using a (high) cost functional C̄. If it chooses not to, it enters a lottery: with
probability 1 � e�κ∆, it draws a cost functional from G, and then decides whether to adjust or not at that
cost. With the complementary probability, the firm gets no draw and thus has to keep prices fixed.

9This is required for technical reasons. An economic justification is that maximum profits are naturally
bounded, and that losses cannot be unboundedly large because the firm would just shut down.

10In particular, ∆W can take values σ
?

∆ or �σ
?

∆ with probabilities p � 1
2 and 1 � p respectively.
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V pxq � max tπpxqdt� p1� ρdtqErV pxq � dV s, V �u
0 � max

"
pπpxq � σ2

2 Vxx � ρV qdt, V � � V pxq
*
,

and we can drop the dt since at the solution the maximizer is zero, so the other argument
must be weakly negative, and thus the dt does not matter. Notice that once we take the
limit for V � we get:

lim
∆Ñ0

V � � max
F

»
pπpxq∆� e�ρ∆ErV px�∆W qsqdF pxq � CpF q

� max
F

»
V pxqdF � CpF q,

where we can interchange the max and the limit because given my assumptions, pπpxq∆ �
e�ρ∆ErV px�∆W qsqdF converges uniformly, i.e., lim∆Ñ0 sup

x
|πpxq∆�e�ρ∆rpV px�?∆σq�

p1� pqV px�?
∆σqs � V pxq| � 011

OA.E Numerical Solution Procedure

In this section, I provide details about the numerical solution procedure. I use numerical
solutions for the n � 1 column of Table 2, and for the menu cost model with mean-reverting
shocks in Appendix B.1.1. In one case I solve an HJBQVI in one variable, and in the other,
one in two variables. I treat those cases separately.

The reset-value notation follows the convention above: V �pψq is net of control costs
and menu cost ψ, while V �� is gross of those costs. In the algorithms, v�,n denotes the zero-
menu-cost net value V �p0q at iteration n; subtracting Ψ therefore gives the full-cost reset
value. In the two-state model the same convention applies conditional on z, and control
costs are zero.

11In particular, we assume πpxq is bounded, which implies V is. This strictly rules out several basic func-
tions, but using an arbitrarily low lower bound we can get a good approximate solution to this. Furthermore,
in the numerical implementation we restrict the state space to live in a closed interval on the real line, which
essentially serves the same purpose as bounding π by its minimum value attained in the interval.
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OA.E.1 One Variable

Value Function. Take the state to be x, the price gap. The HJBQVI is:

0 � mintρV � pπpxq � σ2

2 Vxx � κ

» Ψ

0
maxtV �pψq � V, 0udGpψqq, V � V �pΨqu.

I solve this using value function iteration on a grid, using a semi-implicit scheme with finite
differences. I take an equally spaced grid that ranges from x1 � �1.5 to xNx � 1.5 with
increments of ∆x � 0.01. Let π be a vector that contains the profit function evaluated at
each gridpoint. Define also a time step ∆t � 1{360 (so each step is a day). To deal with
the intermittent adjustment, I use an adaptation of the procedure explained in Moll (2017),
which is based on Huang and Pang (1998). These essentially show that each step of the
value function iteration reduces to solving a Linear Complementarity Problem (LCP), i.e.,
for given B and q, find z that satisfies:

z1pBz � qq � 0 (OA.E.1)
z ¥ 0 (OA.E.2)

Bz � q ¥ 0, (OA.E.3)

where B is an Nz�Nz matrix, z and q are Nz�1 vectors, and the inequalities mean that all
elements of the corresponding vector are nonnegative. Given this, Algorithm OA.1 explains
how to solve for the value function.

Algorithm OA.1. Value Function Iteration: One State. Before starting the main
loop, precompute the Nx�Nx matrices A and B � pρ�1{∆tqI�A. The matrix A corresponds
to an appropriate finite difference approximation of the operator LrV s � σ2

2 Vxx, in this case
for i � 1, . . . , Nx, Ai,i�1 � Ai,i�1 � σ2

2p∆xq2 , Ai,i � �σ2{p∆xq2, and the rest of the elements
are zero. Initialize the algorithm with a guess v0. Then, for any given guess vn:

i) Compute vmax,n � max vn and v�,n � vmax,n� θ logp³ expppvnpxq � vmax,nq{θqf̄pxqdxq
ii) Compute the expected value of adjusting for each vni , En

i � ³Ψ
0 maxtv�,n � ψ �

vni , 0udGpψq.
iii) Construct Sn � v�,n �Ψ and qn � BSn � vn{∆t � pπ� κEnq. Find the solution to

the LCP (OA.E.1)-(OA.E.3) using an LCP solver with B and qn. Denote the solution zn.

iv) Update the value function to vn�1 � zn � Sn. Compute Error � maxi |vn�1
i � vni |.
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If Error is below tolerance, stop. Otherwise, return to step i).

I use a tolerance of 10�8. I compute the integrals using Gauss–Legendre quadrature:
I compute the GL nodes and weights in the interval rx1, xNxs. I use 200 nodes. Letting
xGLi , wGLi be the nodes and weights respectively, I evaluate the integral as

³
expppvnpxq �

vmax,nq{θqf̄pxqdx � °NGL
i�1 wGLi expppvnpxGLi q � vmax,nq{θqf̄pxGLi q, where vnpxGLi q is computed

from the grid via linear interpolation. For the random menu costs, I use a discrete distribu-
tion, so the integral is a sum weighted by the corresponding probabilities. This algorithm
yields a vector v which approximates the value function on the gridpoints. As a byproduct,
at the last step I also store vmax,v� and A.

Hazard Function. With the objects mentioned above, we can directly compute the
hazard function at gridpoint i as Λpxiq � Λi � κ

°Nψ
j�1 1v��ψj�Vi¡0Probpψ � ψjq. I then

account for the strict inaction threshold by setting Λi � 1{∆t for all i such that zi � 0 in
the LCP solution at the final iteration.

Reset Gap Distribution. For each gridpoint, I construct the unnormalized density f̃

as f̃i � f̄pxiq expppvi � vmaxq{θq and then the normalized density fi � f̃i{p
°Nx
i�1 f̃i∆xq. I

then compute a probability mass function of landing in each gridpoint (which is what I
use computationally) as dFi �

³xi�∆x{2
xi�∆x{2 fpxqdx where fpxq is constructed from fi via linear

interpolation, and the integral is computed via a trapezoidal approximation.

Stationary Distribution, price changes, and regression coefficients. Given
that, I adapt the algorithm from Moll (2017) as follows: starting a period, there are two
subperiods or “steps”:

1. Apply the diffusion operator AT .

2. The decision of whether to change prices is made: for each x , a fraction Λpxq∆t

adjusts, and the rest remains at its current price. Out of the fraction that adjusts,
they go to x1, where x1 is drawn from F pxq.

In matrix terms, let gn be the distribution at step n. Then:

gn�1{2 � gn � AT∆tgn�1{2

gn�1 � Cgn�1{2,
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with C � I�∆tdiagpΛq�∆tdFΛ1, where Λ is a vector that evaluates Λ in the gridpoints, and
dF is a vector with elements equal to the probability of x falling in that gridpoint under the
stochastic choice, constructed above. Notice that since dF sums up to 1, then the columns
of C all sum up to 1, and, provided that 0 ¤ Λi∆t ¤ 1 for every gridpoint, its entries are
nonnegative. Under this time-step condition it is a proper transition matrix. We can do an
implicit step in the first part, so gn�1{2 � pI�AT∆tq�1gn and thus gn�1 � CpI�AT∆tq�1gn.
We can find the stationary distribution by iterating this update. Given any distribution g,
we can compute several moments of interest.

1. The distribution of x conditional on a price change at time t is ḡ � Λ. � gpre{pΛ1gpreq
where gpre � pI�AT∆tq�1g is the distribution after idiosyncratic shocks hit but before
any price adjustment was made, Λ. � gpre is the elementwise product of Λ and gpre.

2. The frequency of price changes at each ∆t is f � ∆tΛ1gpre, and thus the number of
price changes per period is N � f{∆t.

3. Letting f be the density of x conditional on a price change, the density of the distri-
bution of price changes is fp∆pq � °

xPx ḡx� f1px�∆pq where f1 is the density of the
reset x conditional on reset. Basically, for each x we ask: what is the “probability”
density that the price increase is ∆? And then we integrate (sum) over all x to obtain
the total density.

4. Given that, we can just compute the share of price changes that are increases/decreases
and then obtain frequencies of price increases/decreases.

5. We can also compute the average size of price increases, decreases, etc., all from fp∆pq.

6. For predictability coefficients, since we use a model with no inflation trend, I com-
pute Erx�s � °Nx

i�1 xidFi, Varpx�q � °Nx
i�1pxi � Erx�sq2dFi, Kurtpx�q � p°Nx

i�1pxi �
Erx�sq4dFiq{Varpx�q2. Given this, I use the formulas in Proposition 10 directly to com-
pute β1 and β2.

OA.E.2 Two Variables

I write the theory in terms of q � logpP {pWξ{pξ � 1qqq and z, thus we have:

dq � �µdt
dz � �ηpz � z̄qdt� σdW,
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and the HJBQVI for a general random menu cost model is

0 � max
"
F pq, zq � µVq � ηpz � z̄qVz � σ2

2 pVzzq � κ

»
max

 
V �pz, 0q � V pq, zq � ψ̃, 0

(
dGpψ̃q � ρV,

V �pz,Ψq � V pq, zqu . (OA.E.4)

For numerical implementation, we create a two-dimensional grid on X � Z where
x � q � z. Importantly, we make the step size the same for both dimensions, to avoid any
interpolation. My grid for x goes from x1 � �0.5 to xNx � 0.5 in increments of ∆x � 0.02.
The time step is the same as before. My grid for Z runs from z1 � floorp�3

a
σ2{p2ηq{∆xq∆x

to zNz � �z1, i.e., I essentially cover three standard deviations of the stationary distribution
of z on each side. I numerically solve the problem with states X � Z, in order to keep a
smaller grid in X. This way, I approximate the derivatives as:

• For Vp, we simply use an upwind scheme. If �µ   0, use the backward difference,Vp �
vi,j � vi�1,j

∆x , if �µ ¡ 0 use the forward difference: Vp � vi�1,j � vi,j
∆x .

• For the derivatives with z, note that fixing q means moving x in the X � Z grid.
Thus, we can use an upwind scheme for �ηpz � z̄qVz as follows. If �ηpz � z̄q   0,
use the backward difference Vz � vi,j � vi�1,j�1

∆z , otherwise use the forward differ-

ence Vz � vi�1,j�1 � vi,j
∆z where note that we are moving in the i direction with the

opposite sign. For the second derivative, we can use the central difference Vzz �
vi�1,j�1 � 2vi,j � vi�1,j�1

p∆zq2

• For boundary conditions, I use a reflecting boundary for z (so Vz � 0 for all x when z

is at the boundary) and use that the grid is large enough for x to also impose Vx � 0
at the boundaries of x, since the idea is that we are in the adjustment region with
probability 1, and thus V is invariant to x in this region since we adjust anyway.
In particular, this implies the following adjustments when constructing the first and
second derivatives. If i � 1 or I then Vx � 0, which we account for by putting zeros
in the corresponding row. For derivatives with respect to z: for the first derivative use
that v0,j � v1,j and vI�1,j � vI,j and replace that in the proper upwinding scheme. The
same goes for the second derivatives.

• If j � 1, then Vzz � vi�1,j�1 � vi,j
p∆zq2 , if j � J then Vzz � �vi,j � vi�1,j�1

p∆zq2 . Note that this
last part does not work if we are at the boundary for both x and z. In that case, since
vi�1,j�1 � vi,j�1 we use Vzz � vi,j�1 � vi,j

p∆zq2 or Vzz � �vi,j � vi,j�1

p∆zq2 respectively.
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It can be shown that this scheme produces a matrix A that has negative entries along the
diagonal, and weakly positive entries outside of it, as well as rows that sum up to 0. Note
that this scheme is essentially replicating what a standard scheme would do with (OA.E.4) if
the states were pq, zq, but that representation does not have cross partials. Thus, using the
simple structure of this problem, I can sidestep dealing with arbitrary cross-partials, which
would introduce additional complications.

From the above discussion we can construct an A matrix pNxNz�NxNzq that properly
approximates LrV s � �µVq� ηpz� z̄qVz � σ2

2 pVzzq on a joint grid for X and Z, where now v

stacks all the values for V px, zq, in the following order: the vector V px, z1q (for all values of
x) comes first, then V px, z2q, and so on. Given that, the algorithm has the same structure
as Algorithm OA.1, with a few changes to accommodate some new objects.

Algorithm OA.2. Value Function Iteration: Two States. Before starting the main
loop, precompute the NxNz � NxNz matrices A and B � pρ � 1{∆tqI � A. The matrix
A corresponds to an appropriate finite difference approximation of the operator LrV s �
�µVq � ηpz � z̄qVz � σ2

2 pVzzq. Initialize the algorithm with a guess v0. Then, for any given
guess vn:

i) For each value of zj, compute v�,nj � maxx vnj pxq.
ii) Compute the expected value of adjusting for each vni,j, En

i,j �
³Ψ

0 maxtv�,nj � ψ �
vni,j, 0udGpψq.

iii) Stacking vn as explained above, construct Sn � Kronpv�,n,1Nx�1q � Ψ and qn �
BSn � vn{∆t � pπ� κEnq. Find the solution to the LCP (OA.E.1)-(OA.E.3) using an LCP
solver with B and qn. Denote the solution zn.

iv) Update the value function to vn�1 � zn � Sn. Compute Error � maxi |vn�1
i � vni |.

If Error is below tolerance, stop. Otherwise, return to step i).

Algorithm OA.2 explains how to solve for v in the two-state case. The tolerance is set
to 10�5. I replace the computation of v� with a simple maximization, given that there is
no control cost, and the only remaining difference is how to construct the matrices A and
B. The solution yields a value function v evaluated at the gridpoints, reset values v�j and
the operator A. One can obtain optimal reset points x�j in a variety of ways. I choose to
maximize vjpxq where I interpolate between gridpoints using splines, as in each iteration of
the value-function solver. This yields x�j that are not necessarily on the grid.

Hazard Function. It is computed exactly as above, using Λpx, zq � Λij � κ
°Nψ
k�1 1v�j �ψk�vi,j¡0Probpψ �

ψkq, and setting it to Λij � 1{∆t in the adjustment region. This means that the probability
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of changing prices in an interval ∆t is Λpx, zq∆t. This object is a vector, stacked across
states in the same way as before.

Reset Point. I create a matrix dFi,j that approximates the probability of landing at i
after resetting with productivity j. Given that the reset point is not necessarily on the grid,
I simply divide the mass linearly between the two nearest gridpoints, that is, if xi,j   x�j  
xi�1,j then dFi�1,j � x�j �xi,j

xi�1,j�xi,j , dFi,j � 1� dFi�1,j, and dFk,j � 0 for all other k.

Stationary Distribution, Price Changes, and Regression Coefficients. I use
a procedure similar to the one above, but the operator that accounts for jumps must be
modified. In particular, define Λ � diagpvecpΛqq, a diagonal matrix that has the vectorized
version of Λ along the diagonal, and dF � diagpvecpdF qq as the analogous diagonal matrix for
the reset points. Define also Λ2 � diagp1Nx�1Λ
,1, ...,1Nx�1Λ
,Nzq, a block diagonal matrix
where block j is given by the row vector Λ
,j stacked vertically Nx times. Now the C matrix
is given by:

C � I �∆tΛ�∆tpdFΛ2q.

Given this, we can find the stationary distribution by iterating on gn�1 � CpI �AT∆tq�1gn

from a g0 that sums up to one, exactly as before. Given the stationary distribution, we can
compute the following moments of interest:

1. The distribution of x conditional on a price change at time t is ḡ � Λ. � gpre{pΛ1gpreq
where gpre � pI�AT∆tq�1g is the distribution after idiosyncratic shocks hit but before
any price adjustment was made, Λ.�gpre is the elementwise product of Λ and gpre. Also
let ḡ denote the matrix version of ḡ, i.e., we order rows and columns to correspond to
values of x and z.

2. The frequency of price changes at each ∆t is f � ∆tΛ1gpre, and thus the number of
price changes per period is N � f{∆t.

3. In order to compute the density of price changes, note that ∆p � x�pzq � x. For each
fixed z, I compute a 2Nx�1 vector of the joint probability of z � zj and a price change
of size ∆pj occurring as:

Probp∆p � ∆pi, z � zjq � pdF
,j � flippḡ
,jqqrns,
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where pdF
,j�flippḡ
,jqqrns is the discrete convolution between vectors dF
,j and flippḡ
,jq
(where flippḡ
,jq means that we take ḡ
,j and reverse the order of the indices). The price
changes ∆pj are on a grid that spans from 2x1 to 2xNx , with the same ∆x increment.
Given this, we can compute the unconditional distribution of price changes by simply
summing across zj as Probp∆p � ∆piq �

°Nz
j�1 Probp∆p � ∆pi, z � zjq. Once I have

that discrete distribution, computing sizes of price changes, variance, kurtosis, and
other moments is straightforward.
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