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Abstract

This paper studies the causal effect of heterogeneously-formed expectations on aggregate economic
outcomes. To do this, I develop a ‘temporary-information equilibrium’ approach that characterizes the
causal impact of expectation changes in a broad class of macroeconomic models using simple cross-
sectional statistics on how agents form expectations. This approach uncovers a novel ‘narrative
heterogeneity channel’ through which heterogeneities in expectation formation can affect the
transmission of both expectational and fundamental shocks. This channel arises in a wide range
of commonly-used models of expectation formation. I apply this framework to data on firm and
household expectations. First, I show how to use temporary-information equilibrium to interpret
the results of a firm-expectations RCT, and find that the causal effect of inflation expectations on
realized inflation is substantially larger than implied by standard benchmarks. Second, I calibrate a
New Keynesian model to household survey data, and find that narrative heterogeneity accounts for a
large but time-varying share of the causal effects of expectations on macroeconomic outcomes.
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1 Introduction

Expectations are fundamental to our understanding of macroeconomics. At least since Lucas (1972)
they have been at the core of macroeconomic modeling, and more recently a vast empirical literature
has demonstrated their importance for the decisions of firms, households, and investors.! Yet despite
the seemingly obvious centrality of expectations, it is notoriously difficult to say precisely how a
given change in expectations would affect aggregate outcomes.

The reason for this uncertainty is that in the equilibrium conditions that define the behavior
of macroeconomic models, expectations are endogenous. Take, for example, the linearized New
Keynesian Phillips Curve (NKPC), as presented in e.g. Gali (2008):

™ = BET4 + Ky (D)

This shows that inflation 7; and expected future inflation £, are related to one another, but
it does not reveal anything about the causal effect of inflation expectations. As emphasized recently
by Werning (2022), the S coefficient combines the causal effect of F;m;, 1 on 7, the causal effect of
m; on 1, and the fact that both F;m, 1 and 7, react simultaneously to other shocks.

The best approach to date has been to study models in temporary equilibrium (Grandmont,
1977; Woodford, 2013; Werning, 2022). However, this approach necessarily abstracts from one of
the central findings of recent empirical literature: that expectations are formed heterogeneously.
Between otherwise similar decision-makers there are large differences in information, and in how
people interpret any information they have.>? How, if at all, does this heterogeneity affect the causal
effects of aggregate expectation shifts, and macroeconomic dynamics?

In this paper, I develop a new method that can reveal the causal effect of expectations in general
equilibrium while allowing for heterogeneous expectation formation. Applying the method to a
general class of linear macroeconomic models, I uncover a novel ‘narrative heterogeneity channel’,
through which heterogeneity influences both the causal effects of expectations and the transmission
of fundamental shocks. I show that many popular models of expectation formation implicitly
generate such a channel whenever sufficient heterogeneity is allowed for. I then demonstrate the use
of my approach to studying expectations in general equilibrium models in two applications.

In the first application, I combine the Calvo model underpinning equation (1) with the
information-treatment randomized controlled trial (RCT) results of Baumann et al. (2024) to

measure the causal effects of firm inflation expectations on realized inflation. In doing so, I

I'See e.g. the extensive reviews in Bachmann et al. (2023), and the discussion of related literature below.
2See for example Link et al. (2023) for information, Andre et al. (2022) for subjective models used to interpret
information, and Pfajfar and Santoro (2010), Beutel and Weber (2024), and Macaulay and Moberly (2025) for both.



demonstrate how the ‘temporary-information equilibrium’ method I develop can be used to map
partial-equilibrium information-treatment RCT results into general equilibrium insights, offering a
solution to the ‘missing intercept’ problem in these studies.’

In the second application, I use unique features of a UK survey to provide a direct measurement
of the narrative heterogeneity channel over time, in the context of household inflation expectations.
I then combine this measurement with a New Keynesian model to measure the causal effects
of household inflation expectations on output. I find that the narrative heterogeneity channel is
substantial, accounting for almost 50% of the causal effect of household inflation expectations on

output in steady state, and amplifying the time-variation in that effect by more than 20%.

Causal effects of expectations. Temporary equilibrium analysis starts by solving the decision
problems of agents in a model, but rather than imposing rational expectations, the expectations
of all variables are held fixed. The researcher then solves for equilibrium as a function of those
fixed and now exogenous expectations. Finally, they compute comparative statics of endogenous
variables of interest with respect to each expectation. This reveals the causal effect of an aggregate
shift in expectations of a particular variable, holding all other expectations constant.

This abstracts from two plausible features of expectation formation. First, as all expectations
are shifted equally, there can be no heterogeneity in any aspect of expectations. Second, there is no
general equilibrium feedback from endogenous outcomes back to expectations. When expectations
shift and affect realized outcomes, agents observe those outcomes and update their expectations
accordingly, potentially amplifying or dampening the initial effect.

To obtain the full general equilibrium effects of a given expectation, we therefore need to allow
expectations to respond endogenously and heterogeneously to aggregate conditions. How can we
reconcile this with the fact that this very endogeneity is what makes it hard to uncover causal effects
in the first place?

I propose a solution, “temporary-information equilibrium,” inspired by the information-treatment
RCTs used to estimate causal effects of expectations on individual beliefs and actions in the empirical
literature (see Haaland et al., 2023, for a review). In those experiments, researchers exogenously
vary one part of the information available to participants, and track how that affects expectations of
the shocked variable, expectations of other variables (‘“‘cross-learning”), and actions. Instrumenting
the shocked expectation with the exogenously varied information, they identify the causal effect of
that expectation, despite not controlling all aspects of expectation formation.

As with temporary equilibrium, I start from agent decision problems. However, rather than

30pen-ended survey questions eliciting subjective models (Haaland et al., 2025) offer another source of data that
could discipline the temporary-information equilibrium in a similar way, suggesting a further application of the method.
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holding expectations fixed, I model them as composed of information (a noisy signal) and a residual,
which depends on expectations of other variables. While expectations are therefore endogenous, the
signal noise is exogenous, and shocking this noise creates exogenous variation in a given expectation.
Since all effects of the information shift come through the expectation of interest, we can use this
to study the causal effect of changes in that expectation, while still allowing cross-learning to
other expectations and responses to general equilibrium effects. Moreover, we can allow for rich
heterogeneity in expectation formation, and compute the causal effects of a shock causing aggregate
expectations to move a given amount. This mirrors how information-treatment RCTs use exogenous
variation in only part of participant information sets to assess the causal effects of interest.

This temporary-information equilibrium approach is the key methodological contribution of
the paper. It nests standard temporary equilibrium as a special case, but also allows for both

general-equilibrium feedback through endogenous signals and expectations heterogeneity.

The Calvo model. For clarity, I begin by demonstrating temporary-information equilibrium in
the Calvo model of firm price-setting. This is one way to derive the NKPC (1), and its temporary
equilibrium has been extensively analyzed by Werning (2022). The temporary-information
equilibrium nests Werning’s results, while also allowing for heterogeneity in expectation formation.
This turns out to be of first-order importance. The temporary-information equilibrium reveals a
previously overlooked channel of shock transmission, which I term the ‘narrative heterogeneity
channel, and which qualitatively alters features of the passthrough from inflation expectations
to realized inflation derived in Werning (2022). The novel channel arises whenever the precision
of firm signals is correlated with the subjective models they use for cross-learning. Intuitively,
if the firms who receive precise signals on current inflation are also those who extrapolate most
strongly from current to future inflation, then a given change in inflation will have a greater effect on
aggregate pricing than if all firms had the same average information precision and cross-learning.*
This narrative heterogeneity channel affects both the partial equilibrium effects of expectations,
and the feedback into other expectations in general equilibrium. Moreover, I show that a wide
range of common theories of expectation formation naturally imply narrative heterogeneity effects
whenever heterogeneity is permitted in both information precision and the cross-learning used to
interpret that information. This includes models of rational inattention (Mackowiak et al., 2023),
learning (Evans and McGough, 2020), level-k thinking (Farhi and Werning, 2019) and others.
Having developed these results and procedures in the simple Calvo model, I then go on to show

that the same approach can be applied to a broad class of linear general equilibrium models. Many

4This echoes the redistribution channel in the broader heterogeneous-agent literature (Auclert, 2019), where shocks
are amplified when exposure to shocks correlate with responsiveness to those shocks.



of the same insights apply, notably the potentially critical role of narrative heterogeneity effects in

determining partial and general equilibrium effects of expectations.

Application 1: the effect of firm inflation expectations. Typically, researchers are unable to
formally map the estimates from information-provision RCTs into macroeconomic insights, because
of a “missing intercept” problem: RCTs compare treated and untreated individuals, and therefore
cannot reveal the general equilibrium effects of aggregate expectation changes. Moreover, since
those general equilibrium effects likely also depend on the behavior of expectations, there are
no available equivalence results allowing the intercept to be obtained from alternative time-series
evidence, as is the case for fiscal transfers (Wolf, 2023).

Temporary-information equilibrium offers a solution. The conceptual link between the approach
and information-provision RCTs means that standard IV estimates from those experiments directly
identify the key statistics in the temporary-information equilibrium of standard macroeconomic
models. I demonstrate this using the RCT on European firm inflation expectations in Baumann
et al. (2024), showing how the temporary-information equilibrium of the Calvo model can map their
estimates into general equilibrium insights for inflation dynamics.

I find that the Baumann et al. (2024) estimates imply that the general equilibrium effects of
one-year-ahead inflation expectations are larger than would be implied by rational expectations, but
that the magnitudes depend strongly on the degree of price stickiness. If the average price duration
is 5 quarters, the general equilibrium effect of inflation expectations is just 6% larger than that
implied by rational expectations. If, however, the average price duration is 2 years, the difference
rises to 20%.

In this application the total causal effects are inferred by mapping the estimated coefficients from
the RCT into the relevant information and cross-learning statistics in the temporary-information
equilibrium of the Calvo model. However, while the RCT estimates identify total causal effects, they
do not allow the researcher to decompose that total effect into representative-agent and narrative-
heterogeneity channels. In the second application, I turn to a context in which the correlation
between information and subjective models that drives the narrative heterogeneity channel can be

observed directly.

Application 2: the effect of household inflation expectations. Unique features of a UK
household survey directly reveal the joint distribution of household inflation information and
the subjective models used to interpret it. I therefore measure the narrative heterogeneity channel

here separately from the representative agent effects of expectations.



I document two key patterns in this data. First, households who believe inflation makes little
difference to the strength of the economy use less information about inflation than households
with other subjective models. There is therefore a systematic relationship between information and
subjective models, implying that the narrative heterogeneity channel will operate.

Second, information that inflation is high is associated with more negative subjective models of
the effects of inflation, both in the cross-section and over time. A greater proportion of households
report that inflation makes the economy weaker in periods with high realized inflation, and within
a period, those who believe inflation is currently higher are more likely to hold such negative
subjective models. The joint distribution of information and subjective models therefore varies over
time, and is systematically related to the state of the economy.

Combining these survey results with the temporary-information equilibrium of a New Keynesian
model, I find that increases in household inflation perceptions and expectations cause output to fall.
When inflation expectations rise, the majority of households revise their expectations for future
output down, and thus reduce consumption. However, this causal effect is time-varying. When
realized inflation rises, average cross-learning from inflation to output becomes more negative,
and so the causal effects of expectations are stronger. The model implies that the causal effects
of household one-quarter-ahead inflation expectations fell by almost 90% between 2008 Q3 and
2015Q1, when annualized inflation fell from 4.8% to 0.1%. The narrative heterogeneity channel
accounts for 45% of the causal effect in steady state, and amplifies its time-variation by 21%. The
amplification of volatility occurs because, when inflation becomes high, the minority of households
who believed inflation makes the economy stronger switch to more neutral subjective models, so

the negative correlation between information and cross-learning becomes more pronounced.

Related literature. Principally, this paper contributes to the vast literature on the role of
expectations in macroeconomic dynamics. While many papers examine how particular models of
expectation formation affect the transmission of fundamental shocks (Mackowiak and Wiederholt,
2015; Eusepi and Preston, 2018; Bianchi et al., 2024, among many others), the causal effects
of changes in expectations themselves are much less clear. Recent progress on this issue has
involved abstracting from cross-sectional heterogeneities in expectations and expectation formation
(e.g. Werning, 2022; Ascari et al., 2023), despite their empirical prominence (e.g. Mankiw et al.,
2004; Andrade et al., 2016; Link et al., 2025, among many others). I extend this literature by
isolating the causal effects of heterogeneously-formed expectations on aggregate economic dynamics.
Beyond allowing for heterogeneity, temporary-information equilibrium also imposes less structure

on expectations than approaches studying belief shocks within particular parametric models of



expectation formation (e.g. Ascari et al., 2023). This allows the method to connect directly to
empirical estimates from information-provision experiments and surveys.

The approach uncovers a novel narrative heterogeneity channel through which heterogeneity in
expectation formation affects aggregate dynamics, adding to the mechanisms identified in existing
literature (e.g. Branch and Evans, 2006; Andrade et al., 2019, and many others). Conceptually, it
relates to channels in the heterogeneous-household literature generated by correlations between
shock exposure and the marginal propensity to consume (Auclert, 2019; Bilbiie, 2019). I show that
the relevant cross-sectional correlations for the narrative heterogeneity channel arise naturally
in many common models of expectation formation, whenever heterogeneity is permitted in
both information and subjective models. This complements empirical work documenting these
correlations in survey data (Beutel and Weber, 2024; Macaulay and Moberly, 2025).

Methodologically, this paper is most closely related to Werning (2022), who studies the causal
effect of inflation expectations in price-setting models in temporary equilibrium (Grandmont, 1977).
My temporary-information equilibrium nests this, and extends it to settings with rich heterogeneity
in expectation formation, as well as general equilibrium feedback from endogenous variables
to expectations.® The method is also conceptually related to the large empirical literature on
information-provision RCTs (reviewed in Fuster and Zafar, 2023; Haaland et al., 2023).

Translating the results of information-provision RCTs into insights for macroeconomic dynamics
is complicated by the ‘missing intercept’ problem that affects all cross-sectional empirical work in
macroeconomics (Wolf, 2023; Donaldson, 2025; Matthes et al., 2025).” Because the expectation
statistics that discipline the temporary-information equilibrium are closely related to the objects
estimated in these RCTs, the method provides a way to map RCT results into general-equilibrium
insights, through the lens of standard macroeconomic models. I illustrate this way of addressing the
missing intercept problem using the RCT on firm expectations in Baumann et al. (2024). The results
speak to the growing literature on firm inflation expectations (see Candia et al., 2022, for a review).

Finally, my second application relates to the broader literature on household inflation
expectations (see reviews in D’ Acunto et al., 2023; Milani, 2023). My contribution is to assess the
causal effect of household inflation expectations on aggregate output, uncovering substantial time

variation, driven in large part by the narrative heterogeneity channel.

SNord (2022) and Guerreiro (2023) study a further related channel driven by cross-sectional correlations between
the sensitivity of expectations to a shock, and the consumption responses to expectations.

®Allowing for the reaction of expectations to endogenous variables also connects this method to the literature on
learning from prices (Lucas, 1972; Grossman and Stiglitz, 1980; Gaballo, 2018; Chahrour and Gaballo, 2021).

7A small number of papers use such RCTs or similar survey experiments to discipline macroeconomic models
(Roth et al., 2021; Hoffmann et al., 2022; Andre et al., 2025). Related work disciplines models with non-experimental
moments of expectations data (e.g. Leombroni et al., 2020; Ludwig et al., 2024). While this avoids the missing intercept
problem, that data cannot reveal how expectations change in response to shocks (Piazzesi and Schneider, 2016).
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2 Calvo model

2.1 Setup

We start, as in Werning (2022), with the log-linearized first order condition of a price-setting firm:

— Py =(1-p5) Z Ei (Tigs +meigs) + 1 (2)
s=0

where p;, is the desired reset price of firm 7 in period ¢; F,_; is the aggregate price level in period
t—1;mys = Popgs — P, 1s cumulative inflation between periods ¢ — 1 and ¢ + s; and mc;, s 1s real
marginal costs in period ¢ + s. The parameters [ and \ are the discount factor and the probability
a firm is unable to reset their price in a given period respectively, and both are € [0, 1]. x is the
desired steady state markup, and the operator £;; denotes the expectation of firm ¢ in period ¢.

In New Keynesian models, the standard approach is to impose rational expectations, and then
derive the familiar New Keynesian Phillips Curve, in which the coefficient on E,7¢,; is (3 (e.g. Gali,
2008). However, as discussed extensively in Werning (2022), this coefficient does not reveal the
causal effects of inflation expectations, because the use of rational expectations means that expected
inflation is endogenous. High inflation expectations simultaneously cause and are caused by high

current inflation, making it impossible to disentangle the strength of each individual mechanism.

Temporary equilibrium. Instead of imposing rational expectations, Grandmont (1977) and others
recommend holding expectations fixed, then aggregating and solving for equilibrium in terms of

expectations. In the Calvo model this is straightforward:®

=(1-2X) (/pftdi - Pt—l) =1 =N -pA) (Z(ﬁ/\)sEt (Teps + Meris) + M) 3)

s=0

where E(-) f E;(+)di denotes aggregate expectation across firms.
With this, we can compute comparative statics with respect to any aggregate expectation. Since
we have not imposed rational expectations, expectations are exogenous in these equations, and the

comparative statics can be interpreted as the causal effects of changes in expectations. Specifically,

dﬂ't

B (m) (1 =M1 -=5N) (4)

8Note we do not need to include a general equilibrium process determining mc; , ;, because it is expected mcy, , that
enter the firm first order condition, and these (like all other expectations) are held constant in temporary equilibrium.



gives the causal effect of a change in aggregate expectations of current inflation, holding all other
expectations constant. This is a direct consequence of removing all endogeneity from expectations:
expectations of one variable cannot therefore react to expectations of another.

In many settings this is more extreme than is desirable. This Calvo model is a good example,
because 7., is defined as the cumulative inflation between periods t — 1 and ¢ + s. Increasing
Et(m) but leaving all longer-horizon Et(st) unchanged, as in equation (4), therefore entails a
decrease in expected inflation between periods ¢ and ¢ + 1 to exactly offset the expected increase in
7. The majority of evidence on inflation expectations of firms (as well as households) suggests that
there is no such reversion of price-level expectations after shocks to short-run expected inflation

(Weber et al., 2022), so this may not be the most informative way to study inflation expectations.

Extended temporary equilibrium. The simple way to avoid this problem is to impose some
structure to link expectations that we think should co-move after solving for equilibrium (3), but

before computing comparative statics. This is the approach taken in Werning (2022), who assumes

Et(ﬂ—t—l-s) = 7Te(1 + S) (5)

which corresponds to the assumption that per-period expected inflation is constant at 7¢. While each

expectation in equation (3) is no longer fully exogenous (as inflation expectations at each horizon

are endogenous to each other), the common factor 7¢ is still exogenous. The comparative static
d'ﬂ't 1-— A

dre 11— B ©

therefore gives the causal effect of a change in aggregate expectations of per-period inflation,
assuming that per-period inflation is expected to be equal at all horizons. Werning (2022) gives an
extensive analysis of this result. In principle, the researcher can also specify relationships between
expected inflation and expected marginal costs, and recompute the causal effects.

This is a useful advance on studying the equilibrium New Keynesian Phillips Curve, and on
the standard temporary equilibrium approach. However, it cannot address how heterogeneity in
expectation formation affects shock transmission, how general equilibrium feedback alters the
results, or what role expectations play in the transmission of fundamental shocks. To answer these
questions, I propose an alternative approach, inspired by the information-treatment experiments
in the empirical study of expectations. This “temporary-information equilibrium” nests the
extended temporary equilibrium approach presented here, but allows for general equilibrium and

heterogeneous expectation formation, while preserving the causal interpretation of the results.



Temporary-information equilibrium. When assessing the causal impact of a particular
expectation, information-treatment RCTs do not vary that expectation directly. Rather, they
exogenously vary the information participants have on that variable, and that information is passed
through into the expectation of interest. There are also commonly effects on expectations of other
variables, which are known in that literature as ‘cross-learning’ (Haaland et al., 2023). Taking
this empirical procedure as our inspiration, we assume that the expectation of any variable z; is

composed of two parts: a signal s;,(z;) and a residual R;(2;).
Eir(z5) = (1 = 7i5) Rie(25) + 7ijsie(25) )

This follows the form of a standard signal extraction problem, including that used by Mackowiak
and Wiederholt (2024) to model information-treatment RCTs. Under that signal extraction
interpretation, R;;(z;) reflects the firm’s prior belief, and 7;; reflects the signal to noise ratio.

Rather than exogenously varying the expectation as in temporary equilibrium approaches, we
will analyze the effects of exogenous variation in the signal, allowing the residual component to
(potentially) respond endogenously. Specifically, the residual is the expectation firm ¢ would set if
they received no information on that variable. The only way to form such an expectation is by using

information and beliefs about other variables. Since the model here is linear, we impose
Ra(z)= Y MjEu(z) ®)
2R €22 F# 25

where z is the set of all expectations of interest in the model. Stacking equation (7) over all

expectations in z, substituting in equation (8), and rearranging gives:
Ei(z) = x;Tisit )

where 7; is a square diagonal matrix, with jth diagonal element equal to 7;;; s;; is a column vector

stacking s;;(z;) over z;, and the square matrix Y is defined as
xi= I - —7)M;)™" (10)

where M ; has zeros on the diagonal, and (7, k)th element equal to M; ;;, in equation (8).
For this section, we will restrict attention to cases in which M ; is upper-triangular. Conceptually,
this means we only consider cases where the subjective model of each agent can be expressed as a

recursive system of equations, as discussed in detail in the literature on Directed Acyclic Graphs



(Spiegler, 2020).° While this simplifies the algebra, it is not critical to the method, and Appendix A
shows how to relax it.

With this assumption, x; is upper-triangular, with diagonal elements equal to 1. Each element of
T, therefore represents the degree to which a firm updates their expectations of a particular variable
in response to direct information about that variable. In many applications this will be proportional
to the precision of the agent’s information. Off-diagonal elements of x; capture cross-learning, or
equivalently the links across expectations imposed in extended temporary equilibrium analysis.

The cross-learning matrix x; captures both direct and indirect links between expectations of
different variables: after a signal on short-run inflation, a firm may update expectations of long-run
inflation partly because they believe inflation is persistent. They may also update their expectations
of short-run marginal costs, which in turn affects their expectations of long-run marginal costs,
which in turn affects their expectations of long-run inflation. It will be convenient from here to work
directly with ;, rather than considering each of these possible links individually.”

Substituting equation (9) into equation (3) yields

o0

o= (1= N1 =80 [ Sy /(Xmsinsﬁ F Xomers Ti8i) dii + 1 (11)

s=0 ¢

where X;,, .. and X, , . are rows of x; corresponding to Ej(m1) and Ej;(mce) respectively.

2.2 The causal effect of inflation expectations.

I now use the temporary-information equilibrium (11) to study the causal effect of changes in
expected 7; and in expected 7, 1. The former is the effect studied in Werning (2022), while the

latter more closely corresponds to the questions in the empirical information-treatment literature.

Partial equilibrium. To begin with, consider an exogenous shock to the signals firms receive
about current inflation s;; (), holding constant the signals firms receive about all other variables.

All proofs for this section and Section 3 are in Appendix A.

9As an example, this means that if the firm uses E;;m, to update R;;mc;, they cannot simultaneously use E;;mc; to
update R;;m;. E;yme, may still affect R; s for s > 0, as these are treated as separate elements of z from 7.

10T his has a parallel in the literature on production networks (Carvalho and Tahbaz-Salehi, 2019). The direct links in
M ; are analogous to the elements of the input-output matrix, and x; is the corresponding Leontief inverse.
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Proposition 1 The causal effect of a shock e, that increases s;(m;) equally for all firms is

1 d > Tt 1Tt .
= il = (1 - /\)(1 - B/\) Z(ﬁ/\)S/(Xierswt:__ + Ximct+57rt 77___> di (12)

Ty dEm, =0 i ™ m

where Xir, . .x, aNd Xime,, .=, refer to the elements of x; that correspond to the cross-learning from a
signal about T, to expectations of T s and mc,. s respectively. Scaling the derivative by the average

response to m signals, T, = fl Tim,dt, implies that this effect comes through a unit increase in E,m,.

As in temporary equilibrium analysis, this can be interpreted as the causal effect of inflation
expectations. Firm signals about 7, have been varied exogenously, and the only way those signals
affect the firm decision problem is through E;,(7;). This is therefore the theoretical equivalent
of information-treatment RCTs using exogenous variation in information as an instrument for
expectations, and thus determining the effects of expectations on other (individual-level) outcomes.
In-keeping with this IV-like interpretation, we scale the effect such that the result reflects the causal
effect of a unit increase in the relevant aggregate expectation, which in this case is E(m,).

Given this interpretation, it is unsurprising that this straightforwardly nests the two standard
approaches discussed above. Setting 7;,;, = 1 for all firms 7 recovers the case in which one
expectation is shocked and all others are held constant, as in standard temporary equilibrium
analysis (equation (4)). If instead 7,,, < 1, and Xme,, m, = 0, Ximome = 1 + s for all 4, then we
return to the extended temporary equilibrium in equation (6), in which a rise in expectations of
increases expected per-period inflation one-for-one at all horizons, but has no effect on marginal
cost expectations. By selecting different values for 7;,, and the elements of x;,, we can also solve for
the partial-equilibrium effect of current inflation expectations under a range of common assumptions
on expectation formation, which have different implications for responses to information and the
linkages between expectations across horizons and variables. We return to this point in Section 2.4.

Similarly, the causal effect of m; 1 expectations is given by Proposition 2.

Proposition 2 The causal effect of a shock ¢, , that increases s, (1) equally for all firms is

1 dr = Tim, Timy .
i = (1 — )\)(1 - /8)\) Z(/B)\>S / (Xiwt+57rt+1 = — + Ximct+57rt+1 — +1) di (13)

7—7Tt+1 d€71't+1 s=0 (3 Tt+1 Tt+1

where the scaling here implies that the effect comes through a unit increase in E,m 1.

The narrative heterogeneity channel. A key novel insight to notice from equations (12) and

(13) concerns the impact of heterogeneity in expectation formation. There is substantial evidence of

11



heterogeneity across households and firms in the precision of information (e.g. Link et al., 2023),
and more directly in the responsiveness to signals (Balla-Elliott, 2025). There is also substantial
heterogeneity in how agents update from one expectation to another (e.g. Andre et al., 2022;
Macaulay and Moberly, 2025). Holding signals, rather than expectations, fixed allows us to study
how this heterogeneity affects the causal effect of expectations. Specifically, using the definition of

a covariance, we can rewrite equation (12) as

1 dﬂ't

Try dEr,

=1 =M1 -5)

NE

(/BA)S ()Zﬂt+s7rt + )cht+s7rt)

[e=]

80:

1 1
+ (1 =XN)(1 =B8N > (BN)? (—_COUI[XZ'WH-SWH Tim) + ;COUI[Ximct+SWtaTth]> (14)

Tt Tt

o

S=

where ., is the average of x;.., across firms for each variable z, and C'ov;|-, -] denotes a cross-
sectional covariance. Equation (13) admits an equivalent decomposition for the effects of e, .

The first summation captures representative-agent effects: the causal effect of expected current
inflation depends on the average cross-learning to expectations of marginal costs and longer-run
inflation across firms. The second summation captures the effects of heterogeneity. If the firms with
the most precise information on 7, (i.e. the highest 7;,) are also the firms who extrapolate most
strongly from 7; to other variables (high Xir,, .x, and Xime,, ), information is concentrated among
those who will extrapolate and react most strongly to it. That amplifies the effect of an aggregate
signal relative to what would be observed if all firms formed expectations in the same way.

We will refer to this broad category of effects as the ‘narrative heterogeneity channel,” reflecting
the idea that a narrative combines information with a subjective model to interpret it (Gibbons
and Prusak, 2020). These effects were not visible in existing temporary equilibrium analysis,
because such exercises implicitly remove all heterogeneity in expectations. Once we allow for
heterogeneity, then mathematically the narrative heterogeneity terms are a trivial consequence of
Jensen’s inequality. In Section 2.4 we will argue that economically they are not trivial at all. A wide
range of popular models of expectation formation imply potentially large and time-varying narrative

heterogeneity effects, with important qualitative and quantitative consequences.

General equilibrium. All of the exercises so far study the effects of a given exogenous change in
the signals firms receive about current or one-period-ahead inflation. This captures the causal effect
of a given expectation rise, holding all other signals constant. However, holding signals constant
means abstracting from second-round effects: when expectations of 7,4 rise, that has effects on

current realized 7, (equation (13)), which in turn should affect the information firms receive about
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¢, which has its own effects. To assess the full passthrough from inflation expectations to realized
inflation in general equilibrium, this feedback should be taken into account.

The temporary-information approach can easily accommodate this. As is standard in models
with noisy information (e.g. Coibion and Gorodnichenko, 2015), suppose that firm signals are equal
to the variable of interest plus some additively separable noise, which here I allow to consist of a

public component and an idiosyncratic component

Sit(Tgs) = Ters + Extts + Eimtrs (15)

where €., and €4, s are both mean zero, and €;,;.  is additionally i.i.d. across firms.

This functional form assumption preserves the causal interpretation of the exercises above:
exogenous variation in e, still only affects firm decisions through the relevant inflation
expectation, so can be used to assess the causal effects of that expectation on aggregate outcomes.
However, that effect can now also include an endogenous response of signals to the shock, through
the dependence of the signal on realized 7, .

For the causal effect of £, (), this general equilibrium effect turns out to be irrelevant. The
partial equilibrium effect in equation (12) increases ,;, which causes a second round of E,(;)
updates, with associated consequences for realized inflation. However, since that general equilibrium
effect operates through E;(7;), when we scale to ensure a unit impact on aggregate expectations we
get back exactly to the partial equilibrium effect. I show this formally in Appendix A.

However, for the causal effects of (1), the general equilibrium feedback is not irrelevant.
From here, it will be useful to introduce the following notation: let Q7 (7, ,) denote the partial-
equilibrium effect of a change in s;(m;.5), scaled to ensure a unit impact on Et(ﬂt+s> as in
Propositions 1 and 2. Let Q“F (7, ) denote the equivalent when we allow for general equilibrium

feedback through the endogenous part of signals.

Proposition 3 The causal effect of Ey(;,1) on realized m,;, after accounting for general equilibrium

effects through current inflation signals, is given by

dmy QPE(WtH)
d€7rt+1 B 1- 7_—ﬂ'tQPE(T‘-t) + QPE(WI‘/+1) ' (>_<7Tt+177t7_-71't + COUI[Xiﬂt+17Tt7 Tiﬂ't])
(16)

QGE (7Tt+1) = K

where K is a scaling coefficient defined in Appendix A which ensures the impact on Ey(m11) in

general equilibrium is equal to 1.

This reveals two general-equilibrium forces at work after a shock to £, (7 ;). First, the partial-
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equilibrium effect of the shock on realized 7, feeds back into signals s;; (). This change in signals
in turn affects 7;, with strength governed by QFZ(r;). Second, the resulting increase in Ej;(7;)
causes firms to further update F;;(m;.1) through cross-learning. Since we scale to ensure a unit
increase in F;(m, 1), this dampens the aggregate effect. Overall, general equilibrium effects amplify

the partial-equilibrium effect of the shock if the first force dominates:

1
QPE(Wt) > QPE(WH-l) : (Xﬂwrﬂrt + %_COUI[XZ'WHNTM Tim]) (17)

¢

Note that even if the desired model experiment has all firms receiving an identical signal about
w11, and so there is no narrative heterogeneity term in the direct partial-equilibrium effects of the
shock, heterogeneity will still affect dynamics through these general equilibrium feedback channels.
If realized 7, also affects real marginal costs, which have not been modeled here, that would further

alter the dynamics. The temporary-information equilibrium can be used in the same way.

2.3 The role of expectations in the transmission of fundamental shocks

So far, we have been considering the causal effects of a shock or change in expectations. However,
the temporary-information equilibrium apparatus is also useful in studying the related question of
how expectations affect the transmission of fundamental shocks.

To see why, go back to equation (11), and allow for mc, to be perfectly observed, with no

cross-learning from it to any other expectations. In this setting we have

o0

Ty = (1 - /\)<1 - 6/\) Z(B/\)s(xﬁwsﬂrﬂ_-ﬂt + COUI[Xi,WtJrsﬂTU Tiﬂrz]) (ﬂ-t + 5S7Tt)

s=0

+ (1 —=XN)(1—=BNme+a (18)

where a collects the steady-state markup p and all terms involving signals of 7, and mc; ¢ for
s > 1. Consider an i.i.d. shock to mc,. Since the Calvo model is purely forward-looking, all
variables return to steady state in period ¢ + 1, and we can treat a as fixed. The aggregate effects of

an i.i.d. mc,; shock are therefore given by

dﬂ't

dme;

= (1 - )‘)(1 - ﬁA) ([Z(BA)S(XWHS,mﬁH + COUI[Xi,ﬂt+sﬂTw Ti,ﬂt])] ﬂ + 1) (19)

dmey
s=0
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which rearranges to
dm, _ (1 —=X)(1 =8N 20)
dmey 1 — 7, QPE(my)

This helps us to see the role of endogenous expectations in the transmission of the fundamental

mc; shock, as all expectational effects are contained in the 7, Q% (r;) term in the denominator.
Formally, we can compute a counterfactual shock transmission in which there is no response of
expectations by setting Q27F(7;) = 0. We can then compare this counterfactual to equation (20) to

compute the share of marginal cost shock transmission which can be attributed to expectations.

Proposition 4 The fraction of the transmission of an i.i.d. marginal cost shock to realized inflation

that is due to inflation expectations is

drmy  _dmg |
dme dmee | ~E - PE
e = T, Q17 (1) (21)
dmey

dmy
dmey

where ‘N  denotes the transmission in a counterfactual with OPE () = 0.

That is, in this environment the share of the transmission of a fundamental marginal cost shock
that is due to inflation expectations is equal to the partial equilibrium effect of an exogenous shock
to those inflation expectations, multiplied by the average responsiveness of firms to inflation signals.
The same channels determining the causal effects of an information shock also determine the share
of other shocks’ transmission due to expectations.

This is a particularly simple fundamental shock to analyze. However, the approach continues to
work for more complicated interactions with multiple variables, or for alternative counterfactuals.'!
The key point is that studying the shock in the temporary-information equilibrium, rather than in a
rational-expectations equilibrium or after imposing any other expectation-formation assumptions,
allows us to separate the consequences of expectational shifts from their causes, without abstracting

from heterogeneity in expectation formation.

2.4 The Narrative Heterogeneity Channel

The analysis above identifies a covariance between firms’ direct response to signals, and their
cross-learning, as a potential factor in the effects of expectations in general equilibrium. We now

consider this ‘narrative heterogeneity channel’ in more detail.

"For example, if firms perfectly observe current inflation, we could allow beliefs about 7; to adjust in the
counterfactual, but remove any transmission to expectations of future 7; ;. Rather than simply setting Q7F (r;)
to 0, the X .., and 7; r, terms that make up Q2©'#(m;) would be modified accordingly.
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An example. We begin with a simple example to give intuition for how the narrative heterogeneity
channel operates, and how it can change quantitative and qualitative conclusions about the effects of
expectations. Suppose that there is no cross-learning from inflation to marginal costs (Xime,, ,r, = 0),

and Xr,, ., and 7,., are each split equally between two values

Xiﬂ't_i,_sﬂ't = {17 1 + 28}7 Tiﬂ't == {OJ 1} (22)

These have been chosen such that Xr,, ~, = 1 + s. If xjr,. ., and 7., are independent, the
narrative heterogeneity terms equal 0, and the causal effect of current inflation expectations in
partial equilibrium is as in equation (6) and in Werning (2022) Proposition 1. However, if they are
correlated, this causal effect can change dramatically. Proposition 5 considers the limit as § — 1,

which is a useful benchmark to gain intuition (and which is also used in Werning, 2022).

Proposition 5 If 7., and Xir, .x, are split equally between the values in equation (22), the causal

effect of expected inflation on realized inflation as § — 1 is given by

1 d7Tt
Ty A,

— 14 A2g— 1) (23)

where ¢ = Pr (Xmﬂm =1+ 23‘72-7” = 1)-

Werning (2022) Proposition 1 states that the transmission from expectations to inflation is 1
under no-discounting, irrespective of price stickiness. Equation (23) shows this is no longer true
when expectations are formed heterogeneously. Unless information precision is independent of
subjective models (i.e. ¢ = %), transmission depends on A, even though the representative-agent
terms do not.

The intuition is that Y, -, = 1 + s is a special case that balances two opposing forces. As
prices get stickier, each price-setting firm expects to wait longer before they can change prices again,
which increases their responsiveness to expectations of inflation in future periods. At the same time,
stickier prices mean fewer firms are resetting prices. When X, .», = 1 + s for all firms, these
forces exactly cancel out, leaving the causal effect of expectations independent of .

Heterogeneity breaks this balance, by affecting the first of these forces. When price stickiness
increases, firms with high x;, . -, increase their responsiveness to expected inflation a great deal,
because the extra length of a typical fixed-price spell encompasses periods of greater and greater
inflation. By the same logic in reverse, firms with a low X;r,, .-, change their behavior less after an

increase in stickiness. If information is concentrated among the former group, they dominate the
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passthrough from aggregate expectations to inflation, so that passthrough increases in stickiness.'? If
information is instead concentrated among the latter group (with Iow X, ., ), that group dominates,

and the passthrough decreases in stickiness.

Common models of expectations generate narrative heterogeneity. Previous literature has
typically relaxed either full information or rational expectations, but not both simultaneously (see
related literature discussion above). That allows for heterogeneity in either x; or 7;, and not both,
which forces the narrative heterogeneity terms to be 0. However, if heterogeneity is allowed in both
components of expectation formation, many standard models of expectations naturally generate
narrative heterogeneity effects.

In Appendix B, I consider the simple case in which the only possible signals are on 7;, where
there is no public noise in those signals, and where both 7; and &;,, are normally distributed.'?
I then introduce a range of common assumptions on expectation formation, and show that they
each imply systematic correlations between direct responses to signals (7;,,) and cross-learning
(Ximyssme> Ximeoysm)» Whenever heterogeneity is allowed in both. Since these models of expectation
formation are well-known, I leave the details and derivations to Appendix B, and focus here on the

intuition for why the narrative heterogeneity channel arises under each set of assumptions.

Rational Inattention (Mackowiak et al., 2023): if firms can pay a cost to increase the
precision of their signals, then 7;,, is endogenous to the firm’s expected use of information. Firms
who believe there is a stronger pass-through from current inflation to future inflation and marginal
costs find information on 7, to be more valuable, and so process more of it. If there is heterogeneity
in cross-learning, high 7;, is therefore correlated with large magnitudes of X;r, ., and Xime,, .-
For further intuition, suppose all firms have X, ,~, = 0. Rational inattention implies
Covr[Xirypam» Timy) > 0, because firms with larger X;r,,,~, condition prices more strongly on
signals of 7, so they pay for more precision in those signals. This amplifies the causal effect of
aggregate inflation expectations, as information is concentrated in those who respond most strongly

to it (Proposition 5). This in turn amplifies the transmission of fundamental shocks (equation (20)).

Learning (Evans and McGough, 2020): if firms update their perceived laws of motion for

inflation and marginal costs after observing their signals, then 7y, is endogenous to information

12Macaulay and Moberly (2025) find evidence that among households greater Kalman gains on inflation signals are
correlated with greater perceived inflation persistence, consistent with a positive narrative heterogeneity effect here and
thus an amplified causal effect of current inflation expectations.

13The exception is level-k thinking, where for tractability I allow for signals on mc; rather than 7.

17



precision. Firms who observe more precise signals update their subjective models of the economy
more strongly after each observation than those with less precise information. If there is
heterogeneity in information precision, this therefore leads to systematic correlations between
elements of 7; and ;. Notably, the narrative heterogeneity channel generated in this case may

vary over time as firms continually update their perceived laws of motion as they receive new signals.

Sticky information (Mankiw and Reis, 2002): if firms can pay a cost to observe information more
frequently (as in e.g. Reis, 2006, and others), then subjective models influence this information

choice, with a similar logic to the rational inattention model.

Level-k thinking (Farhi and Werning, 2019): again, a narrative heterogeneity channel arises
whenever firms can pay a cost to engage in a further round of reasoning, as in Alaoui and Penta
(2016, 2022). In this case, firms with more precise information have more to gain from engaging
in costly reasoning about how to use that information. Reasoning causes firms to update their

cross-learning parameters, so the elements of 'y, differ between firms with different 7,.

Information delegation to media outlets (Nimark and Pitschner, 2019): firms with larger
Ximersmer Ximersw Place more value on 7, information. Competitive media outlets specialize, and
firms with large values of these cross-learning parameters select those which report 7; more often.

In this case, the resulting narrative heterogeneity channel is state-dependent. When inflation is
close to steady state, almost no outlets find inflation sufficiently newsworthy for them to report it,
and most firms have 7;;, = 0. Similarly, when inflation is very far from steady state, it is highly
newsworthy, and almost all outlets do report it, leading most firms to have 7;,;, = 1. It is only in the
intermediate region where some outlets report inflation, and others don’t, that the precision of firm

information becomes heterogeneous, generating a narrative heterogeneity channel.

Selective memory recall (Bordalo et al., 2023): if signals on current economic conditions
act as cues for selective recall (as in Gennaioli et al., 2024), firms with different information recall
different past inflation experiences. Firms with precise signals (high 7,) recall experiences clustered
around the realized 7;, while those with less precise signals recall a wider set of experiences. If
recalled experiences inform cross-learning, for example through perceptions of inflation persistence,

this implies a correlation between 7; and X, and thus a narrative heterogeneity channel.

Data generated through production (Farboodi and Veldkamp, 2025): firm subjective models affect
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their response to a given shock. That in turn affects how much data each firm has to learn from in

subsequent periods, again generating a correlation between subjective models and information.

Heterogeneous price indices: for households, inflation rates vary substantially across the
population (Kaplan and Schulhofer-Wohl, 2017; Kiss and Strasser, 2024). If households observe
their own idiosyncratic price levels (heterogeneous information), and form expectations using the
dynamics of those idiosyncratic price levels (heterogeneous cross-learning), then we could see a
narrative heterogeneity effect even if all agents have rational expectations. I take this idea to the
Calvo model by assuming firms belong to sectors which differ in the persistence of their inflation
processes. Greater inflation persistence implies a weaker response to inflation signals but a stronger
extrapolation from short to long-horizon inflation expectations, generating a negative covariance

between 7, and Xr,, ., €ven though all cross-learning is consistent with rational expectations.

Overall, the narrative heterogeneity channel is a robust feature of many models of expectation
formation, either because subjective models influence information acquisition, or because
information influences the formation of subjective models. With multiple frictions combined, it is
possible for causation to run in both directions. Indeed, the final case (heterogeneous price indices)
shows that the mechanism can arise even under rational expectations, if there is heterogeneity in the
object to be forecast. Allowing for heterogeneity in both components of expectation formation
therefore generates dynamics that are not present if heterogeneity is restricted to either information
or subjective models alone. Indeed, the correlation between information and subjective models may

provide a novel way to test competing models of expectation formation.

3 General model

We now show how to apply the temporary-information equilibrium approach to a general class of
linear models in discrete time, and show that the narrative heterogeneity channel is a general feature

of the causal effects of expectations.

Decision rules and expectations. There is a mass 1 of agents, indexed ¢. We start our analysis

with a general linear policy function for agent actions, of the form

o0
Ty = A1 + Z (BiwsEiwits + Bigs Eaiys) (24)

s=0
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where x;; is a IV, X 1 vector of choice variables for agent ¢ in period ¢; w; is a IV,, X 1 vector of state
variables; and x; = fl x;;di denotes aggregate actions. Each agent ¢ takes w; and x; as given. A;
Biyws, and B, are matrices of coefficients, which may vary across agents. This nests equation (2)
in the Calvo model, as well as the equations determining agent choices in a range of other models.

As in Section 2.1, define z; as the vector of all variables about which the agent will form

expectations. Similarly, let B; be the matrix that collects all B;,,,, B;,s coefficients.
/
Zt = [CUt, Wi, L1, Wi, - - } , Bi= |:Bi$07 Biwo, Biz1, Biwts - - - (25)

Following the same steps as in Section 2.1, we can express the expectations of z; as in equation
(9). Substituting this into equation (24) yields

Ty = A1 + Bix;TiSi (26)

General equilibrium. The state variables w;, are such that

where &, is a V¢ x 1 vector of exogenous shocks, and C, D, F' are matrices of coefficients.'*

In the Calvo model in Section 2, the only element of w; was mc,, and this was exogenous
to firm actions (i.e. pricing). Thus the constraint was, in effect, that mc; + &, = 0. Equation
(27) nests this, but also nests a wide range of other equilibrium conditions, which could consist of
technological constraints, market clearing conditions, or the decision rules of other categories of

agents whose expectations are not the focus of the analysis.

Temporary-information equilibrium. For given distributions of 7;, x;, and given exogenous
shocks &,, the temporary-information equilibrium is a sequence of actions x;;, endogenous states
w;y, and signals s;; such that
1. x; is chosen according to the policy function (26), and aggregate actions are x; = fZ x;pdr;
2. w, satisfies the general equilibrium condition (27);

3. a specified process links signals s;; with states w, and aggregate actions x;.

“Equation (27) is a set of contemporaneous equilibrium conditions, but this does not preclude persistence in the
exogenous driving processes. For example, an AR(1) TFP process a; = pas—1 + €; is accommodated by including
a; in &,; the autoregressive law of motion simply determines the realizations of £,, which are taken as given when
solving the within-period equilibrium. This is the approach taken in the quantitative model in Section 6, where the
shocks follow AR(1) processes. If TFP were endogenous to aggregate actions, a; would instead enter w;, with the
predetermined value a;_; absorbed into &, alongside the innovation e;.
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In principle, many different processes could be specified for item (3). For simplicity, however, I

restrict attention here to the form used in Section 2.2:
Sit(zjt) = Zjt + Ejt + éijt (28)

where ¢, €;;; are mean-zero white noise. The public noise ¢, is common across agents ¢, the

idiosyncratic noise &;j; is independent across agents. From here, all results follow as in Section 2.

Causal effects of expectations in partial equilibrium. The causal effect of £;(z;;) on an element
of the aggregate choice vector x; in partial equilibrium is given by Proposition 6. Note that partial
equilibrium here means that all signals aside from s;;(z;;) are held constant: the change in aggregate
actions does not affect signals, and nor does any change in the state variables w; through the general

equilibrium condition (27).

Proposition 6 The causal effect of a shock €, in partial equilibrium is

N,
1 dl’ 2 — Tl - _ 7-74 .
Qk’PE(zjt) = 7—__ : dgl'ft = § (Bk’mej + COUI |:Bikm7 X’LT)’L]__J:| + BkmCO’U[ |:Ximja __j:|) (29)
J H— 7j Tj

where B, denotes the k, mth element of B;, and By = L Bigmdi. The scaling by 7"]»’1 ensures

that the information shock is such that Ey(z;;) increases by 1.

This consists of three sets of effects. The first term inside the summation is the representative
agent channel. This summarizes all shock transmission channels in models with a representative
agent, and indeed in many models with heterogeneity, where average expectation formation is
sufficient to capture shock responses to first order."

The second term is the response heterogeneity channel. Since X, ;7;; gives the response of
E;1(#mt) to a signal on z, this reflects that shocks will be amplified if the agents whose expectations
react the most to the shock are the agents whose actions are most sensitive to those expectations
(i.e. who have the largest Bjx,,). Macaulay and Moberly (2025) provide evidence of one such
correlation, between the behavior of inflation expectations and liquidity constraints among German
households. This channel, for other expectations, is also behind the novel dynamics in Broer et al.
(2020), Macaulay (2021), and Guerreiro (2023).

5In Andrade et al. (2019), for example, households differ in their interpretation of forward guidance announcements,
but the aggregate effects of an announcement depend only on the average over this mix of beliefs. Heterogeneity might
affect the average information or cross-learning behavior sustained in equilibrium, but unless one of the other two terms
in equation (29) is non-zero, those averages alone drive aggregate shock transmission.
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Finally, the third term is the narrative heterogeneity channel, as explored for the Calvo model in
Section 2.4. Heterogeneous expectations generate a channel of aggregate shock transmission even
if every agent has the same policy function, if information (7;;) is correlated with cross-learning
(Xim;) across agents. Cross-learning determines an agent’s response to an update in the expectation
of interest, so if information on that variable is concentrated among agents with a non-representative
X» that distorts the aggregate response away from the representative agent effect.

Setting 7;; = 1 for all 4, j recovers the effect in standard temporary equilibrium, in which
E;:(z;i) shifts equally for all agents, but no other expectations change. This abstracts from all
effects of heterogeneity through the response heterogeneity and narrative heterogeneity channels.

All that matters is how, on average, expectations of z;; enter the policy function for xy;.
QgE(th’Tij = 1VZ,]) = Bkj (30)

Setting 7;; = 7; < 1 and Xiz;,,,o;, = 1 + s for all 4, j recovers the effect in extended temporary
equilibrium, as in Werning (2022). Again, this abstracts from all effects of heterogeneity, though
now a broader range of policy function coefficients determine the aggregate response, as signals on

xk also impact expectations of &1, Trii2, €tC.
o
QgE(thlTij = ’T_'j < ]-7Xifﬂjt+sfﬂjt =1 + S,Vi,j) = Z Bkjs(l + S) (31)
s=0

where Bkjs denotes the average coefficient on zj,, in the row of the policy function (26)

corresponding to T ;x;.

Causal effects of expectations in general equilibrium. The causal effect of £ (z;;) on an element

of the aggregate choice vector x; in general equilibrium is given by Proposition 7.

Proposition 7 The effect of an exogenous shift in information due to € j; on aggregate action xy is

Ak GEQPE] -
where QFF is a N, x N, matrix collecting the partial-equilibrium effects of each expectation
Et(zjt) on each aggregate action xy.. A°F is a N, x N, matrix capturing general-equilibrium
effects, defined in Appendix A.

dxyy

The causal effect of Ey(z;;) is obtained by scaling a2t such that the response of Ey(zj;) is equal
J
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to 1, which implies
GE(PE _
[A Q } kT
- (33)
Tj + Fj

O (20) =
where 1';, which captures general-equilibrium effects of €;. on Et(zjt), is defined in Appendix A.

Importantly, the GE feedback matrix A" will typically not be diagonal. This means that when
computing the effects of F(z;;) on a specific aggregate action xy;, the effects of that expectation on
all aggregate actions and state variables will affect the result. If F;(z;;) affects other variables aside
from zy, this will cause changes in agent signals about those other variables, leading to further
changes in x; beyond the partial-equilibrium effect. This generalizes the result in Proposition 3,
where shocks to £ () in part propagated by influencing ,, which in turn affected £, ().

To showcase more clearly how this differs from the partial-equilibrium case, and from the simple
Calvo model of Section 2, Corollary 1 in Appendix A shows A“” in the special case where agents
only receive signals about current realized «; and w; (i.e. 7;; = 0 for all zj; realized after period
t). In this case, A simplifies substantially, highlighting that general equilibrium feedback from
exogenous variation in expectations can come through two distinct channels. First, as in the Calvo
model, the shock causes a change in aggregate actions x;, which feeds back into the information
agents receive. Second, this change in «, also affects the state variables w, through the equilibrium
condition (27), which also affects agent information. This was not present in Section 2 because we
abstracted there from all responses of the state (marginal costs) to firm actions.

The other key insight from this is that all three channels identified in partial equilibrium
also affect the strength of this general equilibrium feedback. When exogenous variation in a
given expectation affects aggregate actions and states, this affects the information agents receive
about those variables, changing their expectations again. The effects of that second round of
expectation updating also depend on the representative-agent, response heterogeneity, and narrative

heterogeneity channels identified in Proposition 6.

The role of expectations in the transmission of fundamental shocks. The causal effect of an

exogenous shock &, on aggregate choices is given by Proposition 8, which follows Section 2.3.
Proposition 8 The causal effect of a fundamental shock &, on aggregate choices is

dwt

& = ~APQLTLDF 34
t

where the matrix Qif collects the partial-equilibrium effects of each element of expectations
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about current state variables ( Et(wt) ), and T, is a diagonal matrix collecting the corresponding

elements of average T;.

Intuitively, the general equilibrium condition (27) implies that —D~!F is the response of state
variables w; to a &, shock, in the absence of any x; response. Qiéﬂ Two then gives the partial-
equilibrium effect of that w, change on x,, through changes in expectations of w;. Finally, A“F
accounts for general equilibrium feedback through both w; and x;.

Next, construct a counterfactual transmission in which there is no response of Eit(zﬁ) for some

set of variables defined by j € J. To do this, replace 7;; = x;;r = 0 for all 4, k, and for all j € J,

PE
w0

then re-compute ACF , 2,0 s Two- The share of shock transmission due to expectations of z;; for

—1
NE.iEJ) &,

4 Mapping RCT estimates into general equilibrium

dry _ dwy
g, d§,

J € J is then given by (

Since the temporary-information equilibrium method is conceptually linked to information-treatment
RCTs, the expectation statistics in the model correspond closely to parameters estimated in those
experiments. Temporary-information equilibrium can therefore be used to translate RCT estimates
into general equilibrium insights, overcoming the typical missing intercept problem in the empirical
literature. This helps us uncover whether the departures from full-information rational-expectations
observed in a given RCT are large or small, in terms of their macroeconomic implications.

I apply the method to the RCT conducted on European firms by Baumann et al. (2024), as
this lends itself naturally to interpretation through the Calvo model already studied in Section 2.
Specifically, I compute the causal effects of one-year-ahead inflation expectations as in Propositions
2 and 3. However, the methods Baumann et al. (2024) employ are common to a broad range
of survey experiments, so the same procedure could be applied in other experiments, using the

temporary-information equilibrium of other models as appropriate to the context.

The missing intercept in information-treatment RCTs. RCTs like Baumann et al. (2024) use
information treatments to exogenously vary the expectations of some survey participants, while
keeping others as a control group. This cross-sectional variation enables researchers to identify
the causal effect of expectations on individual beliefs and actions. While this has advanced our
understanding of the micro-level effects of expectations, it is often hard to determine whether
the results are of a magnitude that is meaningful for macroeconomic outcomes. This is because
the individual-level effect cannot simply be aggregated to give a total macroeconomic effect of a

given expectation change. If all inflation expectations change, for example, then aggregate realized
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inflation may change, along with interest rates, wages, and other variables, each of which may feed
back into firm expectations and decisions. These general equilibrium effects form the ‘missing
intercept’ between the estimates from an information-provision RCT and macroeconomic insights.

This issue is present in all empirical work using cross-sectional variation to identify partial-
equilibrium elasticities (see e.g. discussions in Nakamura and Steinsson, 2018; Guren et al., 2020;
Wolf, 2023, among many others). In information-provision experiments, however, the problem is
particularly acute, for two reasons. First, the experiment typically occurs only once, or a small
number of times. There is therefore limited scope for time-series approaches that could complement
the cross-sectional identification (as in e.g. Donaldson, 2025; Matthes et al., 2025).

Second, the features of expectations that drive the partial-equilibrium RCT results also affect the
missing general equilibrium feedback. In studies of fiscal policy, researchers can use estimates from
other literatures to quantify the general-equilibrium intercept, thanks to equivalence results from
Wolf (2023). This approach cannot be taken for expectations experiments, because the features
of expectations revealed in the partial-equilibrium RCT estimates also affect the intercept. If,
for example, firms over-extrapolate from current to future inflation, that will affect both the RCT
estimates and firm responses to subsequent general equilibrium changes in aggregate variables.

The temporary-information equilibrium approach developed here provides a way through this
issue: the results in Section 3 can be applied to interpret the results from information-treatment

RCTs in any model fitting the form introduced there.

4.1 Extracting key expectation statistics.

Baumann et al. (2024) elicit prior beliefs about inflation in 1, 3, and 5 years time. They then treat a
random subsample of participants with information about inflation. They study two treatments: one
treatment group is shown information on current inflation, and another is shown information on

one-year-ahead inflation (from SPF forecasts).

RCT regressions. As standard in the RCT literature, Baumann et al. (2024) first estimate:

EﬁOStﬂtJrh =ag+ap- Ezm'orﬂ_tJFh + Z bj . Eﬁriorﬂ't+h : Dz’j + Z Cj - Dz’j + Fit -+ error; (35)
J J

where D;; is an indicator = 1 if firm ¢ is in treatment group j, and I';; is a vector of controls. They

then estimate:
B, =9+ - B T + v BY ey + T + error (36)
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for a variety of expected dependent variables EX**'Y;. E"**'1, ., is instrumented with variation from
the information treatment.
The estimated coefficients in both of these regressions can now be mapped into the parameters in

the temporary-information equilibrium framework developed above. Letting equation (7) describe

the prior belief of agent i about 7, the posterior after observing a further 7, signal s7¢7 =

Tan + €¢T in the experiment is:

EZOStﬂ-t+h — 7_'RC’TSRC’T 4 (1 _ T-RCT) . Tiﬂt+h5it(71't+h) + (1 — Tiﬂ-Hh) Z Miﬂ”rth;Zfrior(Zk)

1Tt+h 1Tt+h
2EFET4h

N~
prior
Ey " mgn

(37)

That is, posteriors are a weighted average of priors and the new signal. As with equation (7),

this follows standard signal extraction models, though we do not impose that Tiﬁffh must be the
optimal one derived from Bayes rule. Given this, the coefficient b; in equation (35) is —1x the
average degree of updating from the observed signal in treatment group j (Coibion et al., 2022;
Haaland et al., 2023). For the group shown a signal about 7,1, the b; estimate when E;;m;, is the
dependent variable is therefore equal to —77T in our model."°

Going further, the parameter 7, in equation (36) can also be mapped into the model, in the

following way.

Proposition 9 Under the expectation formation structure in equations (9) and (37), random
assignment of D;;, and the assumption that the treated variable is ordered last in M ;:

(i) Using D;; as the only excluded instrument in equation (36), the IV coefficient identifies

RCT

i 1

Wald _ Teph g < , RCT

Ny — /XiYWt+h —RCT di = XY 7mn + —RCT COUI[XZYWt+h7 Tiwt+h] (38)
( Tith Tith

(ii) Using both D;j and D;; x EZ”OTWH;I as excluded instruments (i.e. using (35) as a first stage),
the 2SLS estimand 712§,LS is a convex combination of yff/}?ld and a nuisance term specified in
Appendix C.1.

Denoting e“T as the noise in the experiment’s signal, &, . as the public noise in signals

obtained outside of the experiment (as in equation (15)), and E;[c?] as the average variance of the

16For other combinations of treatment and dependent variable, the signal is no longer precisely about the dependent
variable. The coefficient therefore represents the average updating of the dependent variable (F;;m;5,) in response to
the treatment signal (on ;4 for some s), which depends on both the direct response to information Tlffrgz and the
cross-learning Xir,, ,, from the treated variable to the dependent variable.

Tt+s
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idiosyncratic noise in those pre-experiment signals, we have:

( 6RCT

- €7Tt )2 a
Erlo?] B oo = 91y = (39)

Proof. Appendix C.1. m

The core intuition here is that ~y;, as the estimate from an IV regression, identifies a local average
treatment effect. In this context, that means it identifies a weighted average of how expectations of
741 affect expectations of Yj, i.e. of the cross-learning parameter x; y,r,.,. Crucially, the weights
are determined by how responsive each individual firm’s expectations of 7 are to information

on 7,4, which is precisely how 77¢T

1, T+ h

is defined in equation (37). Thus, v identifies the same
responsiveness-weighted average of cross-learning that determines the causal effects of expectations

in the temporary-information equilibrium of the Calvo model (Proposition 2).

Discussion. Beyond the simple intuition just stated, there are several points about Proposition 9
that merit further discussion.

First, it is standard practise in the RCT literature to use both the treatment indicator D;; and
its interaction with priors as instruments for EZOStWHh in equation (36). Using the interaction as a
second instrument has the advantage of increasing the power of the first-stage regression. However,
Proposition 9 shows that this comes at the cost of achieving a clean mapping to the structural
parameters of interest in temporary-information equilibrium.

Because only the 2SLS estimates are reported in Baumann et al. (2024), I proceed below under

2359~ 4. Equation (39) shows this approximation is accurate if the

the assumption that 775
discrepancy between the RCT signal and the public component of pre-experiment signals is large,
relative to the variance of idiosyncratic signal noise. In this particular case, average prior one-year
inflation expectations are substantially higher than the signal given to the treatment group (5.83%

ROT — ¢.,.,)%. The IV estimate is therefore dominated by the

vs 2.8%), suggesting a large (e
comparison between treatment and control groups rather than interactions with priors. In Appendix

C.1 I combine this with other summary statistics from Baumann et al. (2024) to show that the

Vi35~ )y approximation is likely to be highly accurate.
Second, note that the object identified by equation (36) weights agent cross-learning by Zﬁffh,

not the responsiveness to signals in everyday life 7;, ,. This is intuitive: we can only identify
the effects of the type of information shock produced in the experiment. See Mackowiak and
Wiederholt (2024) for a detailed discussion of how 7., , and 7ECT may be related if agents are

1Ti4h

rationally inattentive.
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Third, the proof of Proposition 9 requires that the treated variable is ordered last in M ;. Given
that M ; is upper-triangular, this ensures we are allowing for cross-learning from the treatment
variable to all other variables in the system. Since this is the cross-learning we are interested in
here (as opposed to cross-learning to the treated variable from other variables), this is the natural
ordering to consider.

To compute the causal effects of expectations of one-year-ahead inflation in partial equilibrium,
~v1 from equation (36) is therefore sufficient. For the causal effects in general equilibrium
(Proposition 3), or the share of fundamental shock transmission due to expectations (Proposition 1),
we will also make use of 7, , estimated from equation (35).

Finally, note that the experiment in Baumann et al. (2024) does not provide an estimate of 7,,
the average E;;(m;) response to signals about 7r,. This affects the evaluation of general equilibrium
effects (see Proposition 3 and the associated discussion). In all calibrations below I assume 7, = 1,
as if all firms are perfectly well-informed about current inflation. This is conservative, in that it
imposes no further departure of the RCT calibration from the rational expectations and perfect
foresight benchmarks I consider.!” Future RCTs intending to use this method could, however, easily

measure this parameter in the same way as Baumann et al. (2024) measure 7y, ,.

4.2 The causal effect of expected future inflation on current inflation

I now compute the causal effect of one-year-ahead inflation expectations on realized current inflation,
under two sets of assumptions. In the first, I compute only the effects that operate through the
updating of inflation expectations at various horizons, abstracting from any cross-learning from
741 to marginal cost expectations (i.e. Setting Xime,, ;m; = Ximerssms = 0). This requires no extra
structure beyond that described in Section 2. In the second, I impose a simple production function
over labor and other inputs, that allows me to translate the estimated effects of the information
treatment on wages and non-wage costs into effects on marginal costs. This therefore incorporates
marginal cost cross-learning, at the expense of adding greater structure to the model.

In both exercises, I calibrate the relevant statistics on x; and 7; using the estimated coefficients
in equations (35) and (36), assuming one period is one year.'® Full details are reported in Appendix

C.2. Of particular note is that the estimated -y, y for all the considered Y variables are insignificantly

7This assumption also has a convenient implication for the distinction between TffrtCT and 7;,, discussed above. The

general equilibrium feedback in Proposition 3 operates through 7, — s;;(7;) — E;;(m;), which depends on how agents
process ‘everyday’ signals about 7, not experimental ones. With 7, = 1, however, all agents observe 7, perfectly, and
the two weighting schemes coincide.

18] am indebted to Timo Reinelt for kindly providing me with the estimates of 71 y in equation (36) with EﬁOStﬂt_;'_g
and EﬁOStWH_s as the dependent variable, which are not reported explicitly in the paper.
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different from O when using the 7, treatment as the instrument, while those using the 7, treatment
are significant and larger in magnitude. I therefore set all cross-learning from 7; to 0. This gives
a conservative estimate of general equilibrium feedback effects, but does not affect the partial-
equilibrium effects of expected 7 1, as these rely on cross-learning from 7| only.'” Finally, I set

[ to 0.96, and plot the results for varying values of price stickiness \.

Benchmarks. [ compare the RCT-implied causal effects of inflation expectations to two
benchmarks: perfect foresight and an approximation to limited-information rational expectations.
For perfect foresight, we straightforwardly set 7;; = 1 for all variables z;, which in turn implies x;
becomes the identify matrix (equation (10)).

Rational expectations is harder to specify, because we do not know the true joint dynamics of
inflation and marginal costs in the Euro Area. For the model without marginal cost cross-learning, I
provide a simple approximation by regressing annual Euro Area HICP inflation on a 12-month lag
of itself. I then assume that 7, is as in the RCT-based calibration, but set cross-learning so that all
firms extrapolate to future inflation using the degree of persistence implied by that AR(1) regression.
For the case with cross-learning to future marginal costs, we cannot write down an equivalent
rational-expectations benchmark without specifying a full model for the processes determining
wages and costs. For that exercise I therefore compare the results to the perfect foresight benchmark,

and to the RCT results without marginal cost cross-learning. Full details are given in Appendix C.2.

The total causal effect of expectations without marginal cost cross-learning. Figure 1 plots
the causal effect of one-year-ahead inflation expectations on current inflation as price stickiness
A varies, for the case with no marginal cost cross-learning. Panel (a) plots the partial equilibrium
effect QP (m,,1), while panel (b) plots the general equilibrium effect Q¢F (r; ), incorporating the
endogenous response of 7; signals. The perfect-foresight benchmark in the partial equilibrium case
is equivalent to the causal effect calculated in a standard temporary equilibrium analysis. The first
key message from these figures is therefore that the extensions to this classic approach allowed for
by temporary-information equilibrium are quantitatively and qualitatively important.

The second message is that the macroeconomic significance of the RCT results depends critically
on the degree of price stickiness. With an average price duration of 5 quarters (A = 0.2 since the
calibration is annual), the partial equilibrium effect implied by the RCT estimates is 11% larger
than under rational expectations, and the general equilibrium effect is 6% larger. However, if prices

are sufficiently sticky that the average price duration is two years (A = 0.5),%° the RCT estimates

191 relax this in Appendix C.4, and find qualitatively similar results as those presented here.
20This is the calibration used in Werning (2022) footnote 8.

29



Figure 1: Partial and general equilibrium effects of a shock to sr, . ,, comparing RCT estimates to benchmarks
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Note: Figure plots the partial- and general-equilibrium causal effects of an increase in F¢7;41 in the Calvo model, following the formulae in
Propositions 2 and 3, and a calibration derived from the estimates in Baumann et al. (2024) (detail in Appendix C.2).

imply causal effects of expectations that are 35% and 20% larger than rational expectations in
partial and general equilibrium respectively. The differences to the perfect foresight benchmark are
universally larger, but the same strong dependence on price stickiness is present. With A = 0.2, the
RCT implies a 49% larger partial equilibrium effect, and a 37% larger general equilibrium effect.
With A = 0.5, these figures jump to 309% and 257%.

The reason for this dependence is that the RCT estimates depart most strongly from rational
expectations at long horizons, where cross-learning from 7; and 7, information is found to be
much stronger than the benchmark would predict.?' This means that a given change in one-period-
ahead expectations is associated with greater updating of long-horizon expectations, and thus a
larger inflation response. The difference is even more pronounced when comparing to perfect
foresight, where there is no such cross-learning at all.

At very flexible prices (small \), this does not have a large quantitative effect, because price
durations are expected to be short and so long-horizon expectations are relatively unimportant for
price-setting. As prices get stickier, long-horizon expectations become more important to current
price-setting, and the differences between the RCT-implied model and the benchmarks grow.

Furthermore, price stickiness also determines the importance of the general-equilibrium
feedback, i.e. the ‘missing intercept’. At A = 0.2, the general equilibrium effect of expected
inflation is more than 2.5x larger than the partial equilibrium effect. At A = 0.5, it is only

12% larger. The other key determinants are the RCT results themselves, because the general-

2 For the rational expectations benchmark to deliver the same response-weighted cross-learning from 7, 1 to 7,5
as the RCT, the annual persistence of inflation would need to be 0.90, more than double its estimated value of 0.39.
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equilibrium effect of an increase in realized 7; depends on how firms incorporate that signal into
their expectations of inflation at all horizons, which is a key object studied in the RCT. In Appendix
C.5 I show this concretely by plotting the causal effect of expectations using the RCT calibration for
the partial-equilibrium effect, but taking the general-equilibrium feedback from either the perfect
foresight or rational expectations benchmark. In sharp contrast to the correct results in Figure 1b,
this exercise finds that the general-equilibrium effect of inflation expectations is initially increasing

in price stickiness, with either of these alternative general-equilibrium assumptions.

Decomposition. The mapping described in Section 4.1, and implemented here, shows how to
combine the point estimates from an RCT with temporary-information equilibrium to obtain the total
causal effect of expectations, including both representative-agent and narrative-heterogeneity effects.
It cannot, however, separate the two, as in the decompositions in equation (14) and Proposition 6,
without further information. One natural approach would be to directly elicit subjective models
within the survey, for example using hypothetical scenarios (Andre et al., 2022) or open-ended
questions (Haaland et al., 2025). The cross-sectional mean of such responses identifies Xy, ,, and
the residual v,y — Xyr,., could then be used to identify the narrative heterogeneity term.

For example, if firms’ average perceived persistence of inflation is close to the coefficient from
an AR(1) regression on recent data, as Macaulay and Moberly (2025) document for households,
then the representative-agent effect equals the rational-expectations benchmark already computed.
The red line in Figure 1 then reflects the representative-agent component of the total causal effect,
and the gap between the red and black lines measures the narrative heterogeneity channel. Without
independent measurement of X, ., within the specific sample of firms in the RCT, this is
necessarily a crude approximation, but it nevertheless suggests that the narrative heterogeneity
channel is large and positive. That is, the firms who extrapolate most strongly from short to long-run
expected inflation are also those whose short-run expectations react most strongly to signals. This
is consistent with models of rational inattention, in which greater perceived persistence makes

short-run inflation signals more valuable.

Inference. Conditional on 3 and ), QF E(wt+1) is a linear combination of IV coefficients 7 y
across variables Y. In principle, confidence intervals can therefore be constructed from the joint
variance-covariance matrix of these estimates.”” Since the regressions with different dependent
variables Y share the same sample and instrument, the off-diagonal elements of this variance-

covariance matrix will generally be non-zero. The system of second-stage regressions should

22Specifically, if we consider only cross-learning between inflation horizons, then Var(QFE (7, 11)) = a(A)'Va(N),
where a(\) is the vector with sth element (1 — X)(1 — B\)(8A)® and V is the covariance matrix of the 1 y.
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therefore be estimated jointly for this exercise. Since I am re-interpreting the results of an existing

RCT, for which the individual-level survey responses are not available, I leave this to future work.

Including marginal cost cross-learning. Figure 2 repeats Figure 1, including cross-learning from
41 to expectations of mcy, 1. The estimates in Baumann et al. (2024) imply that greater expected
1 passes through to greater expected nominal marginal costs. However, this pass-through is less
than one-for-one, so real marginal cost expectations fall. This therefore reduces the causal effect of
expected inflation on realized inflation, especially at low values of A, when the compensating effect
of strong extrapolation to long-run inflation expectations is less powerful. Indeed, at A = 0.2 the

perfect-foresight results are a close approximation to the RCT-implied causal effects.

Figure 2: Partial and general equilibrium effects of a shock to sy, ,, comparing RCT estimates with and
without cross-learning to mcey 1.
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Note: Figure plots the partial- and general-equilibrium causal effects of an increase in Fy7ryy 1, following the formulae in Propositions 2 and 3, and a
calibration derived from the estimates in Baumann et al. (2024) (detail in Appendix C.2), with and without cross-learning from 711 to mcg41.

In this comparison with perfect foresight, it is important to note that the perfect foresight
benchmark only corresponds to standard temporary equilibrium analysis in the partial equilibrium
figure. The temporary-information equilibrium approach is still required to compute the general
equilibrium result, allowing for learning from the realized m; change. Standard temporary
equilibrium calculations therefore still miss an important component of the causal effect of
expectations, even if in partial equilibrium they approximate the true causal effect in this case.

Appendix C also contains a number of other results extending this analysis. In particular, I apply
the methods described in Section 2.3 to study the share of transmission of a marginal-cost news

shock that is due to inflation expectations. I also compute alternative benchmarks using two popular
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models that depart from rational expectations: diagnostic expectations (Bordalo et al., 2020) and
inattentiveness (Gabaix, 2020). In each case, adjusting the benchmark simply involves replacing the
X; and T; parameters with those implied by the researcher’s chosen theory of expectations. The GE
causal effect of expectations under diagnostic expectations, in particular, is found to be explosive
for certain values of )\, as the over-sensitivity to news in such models creates very strong feedback

effects through perceived inflation.

5 Survey evidence on narrative heterogeneity

In Section 4, I measured the total causal effects of firm inflation expectations on realized inflation
using the temporary-information equilibrium of the Calvo model. This total effect combined the
representative-agent and narrative-heterogeneity channels identified in Sections 2 and 3. In this
section I measure the narrative heterogeneity channel directly, in the context of household beliefs
around inflation. I document three empirical results that reveal a strong and time-varying narrative
heterogeneity channel in this context. These results are used to inform the model in Section 6, from

which I observe the aggregate consequences of this instance of the narrative heterogeneity channel.

5.1 Data

Most empirical papers on information frictions or subjective models use data on realized
expectations. Expectations combine both information and subjective models (Sections 2 and
3), and so cannot be used to identify the narrative heterogeneity channel. To overcome this, I use
data from the Bank of England Inflation Attitudes Survey (IAS), which contains several unique
questions which enable me to measure these components of expectation formation separately — and
thus to measure their joint distribution.

The IAS is a quarterly survey of a repeated cross-section of UK households, run since 2001
(annual until 2003). After weighting, the sample is representative of the UK adult population. I use
the individual-level response data from 2001-2019, omitting the quarters conducted after the onset
of the Covid-19 pandemic, as the implementation of the survey had to be changed substantially at
this time (see Bank of England, 2020).

The first survey question I use asks households about their subjective model of the relationship

between inflation and the ‘strength of the economy’.

Question 1 [f prices started to rise faster than they are now, do you think Britain’s economy would

end up stronger, or weaker, or would it make little difference?
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This differs from standard questions on expected future economic outcomes because it does
not invoke the use of information about the state of the world. The answers are informative about
cross-learning only (;; in the models above).?? In the analysis below, I will refer to a respondent
answering that inflation would make the economy stronger/little difference/weaker as having a
positive/neutral/negative subjective model of inflation respectively.

There are two possible interpretations of this question. Households may view it as asking about
the causal effects of inflation on the economy (as in the model of Spiegler, 2021). Alternatively,
they could see it as asking about the most likely source of a rise in inflation, if they believe supply-
and demand-driven inflation is associated with different real outcomes (as in e.g. Kamdar and Ray,
2024). For the purposes of this section, this distinction does not matter. Y;; is defined above as
the degree to which households update their expectations of variable ;7 when their expectation of
variable k changes, irrespective of why that link exists. In this case, it is the updating of expectations
about the strength of the economy when expected inflation rises. The sign of this updating is
captured by the question, whether it occurs because of a perceived direct causal link from inflation
to the real economy, or a belief about the type of shocks hitting the economy.

The next set of questions concern the information households use to form their inflation
expectations, without asking what those expectations are. This allows us to learn about household

information precision (encoded in 7;;) without contamination from cross-learning (x;;x).

Question 2a What were the most important factors in getting to your expectation for how prices in
the shops would change over the next 12 months?

Please select up to 4 [from a list reproduced in Appendix D.1].

Question 2a was only asked in 2016Q]1, but very similar questions were asked at other times. In
each, the respondent is asked about the information sources they used to arrive at their expected
inflation, or that led them to change that expectation over the previous year. In each, some of the
options that respondents can choose refer to information specifically on inflation, while others refer
to information on other variables, which can only be used to forecast inflation if the household
engages in some cross-learning. For each such question I construct a dummy variable equal to 1 if
the respondent reports using direct information about inflation, and equal to O if they do not. Full
details of these questions, and the options representing direct information, are in Appendix D.1.
Combining these dummy variables gives an indicator for if the respondent used direct information
on inflation in forming their expectations, that is whether 7;,, > 0. This indicator is observed for 8
separate quarters between 2009Q1-2019Q1. I confirm below that the key results of this section do

not vary substantially with the changes in question wording over these periods.

23This is similar to how Andre et al. (2022) interpret the answers to the hypothetical vignettes in their surveys.
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In Appendix D.2 I confirm that these measures of information and subjective models correlate
with planned household consumption, in ways that are consistent with the measures picking up the
desired elements of household beliefs. A further possible test of the information indicator would ask
if households who obtain direct information about inflation make more accurate forecasts. However,
if beliefs about the level of inflation affect subjective models, that may in turn change the incentives
to acquire further information, complicating the predicted correlation between information and
forecast accuracy.”* Indeed, recent evidence from Link et al. (2025) suggests that greater household
information acquisition is often associated with larger forecast errors about inflation.

The other questions used in this section are standard, asking households to give point estimates
for current and one-year-ahead annual inflation. For each question, responses consist of a 1
percentage-point bin between -5% and +10%, or end ranges < —5%, > 10%. For the exercises in
Section 5.4, I code perceptions and expectations at the midpoint of the selected bin, with the lowest

and highest bins coded as -5.5% and 10.5% respectively.

5.2 Information and subjective models in the cross-section

With this data, I first explore the cross-sectional relationship between the distributions of information
and subjective models, which is the source of any narrative heterogeneity channel. Table 1 shows
the estimated average marginal effects from a probit regression of the information indicator defined
in Section 5.1 on the respondent’s subjective model of inflation, represented by their answer to

Question 1. This gives us our first empirical result.

Empirical Result 1 Households who believe inflation makes no difference to the economy acquire
less information about inflation on average than households who believe inflation does affect the

economy (in either direction).

The probability of using direct inflation information is 3-3.5 percentage points lower for those
with a neutral model of the effects of inflation than those who believe inflation weakens the economy.
Over the whole population 23% of respondents use direct inflation information, so this difference
is non-trivial. More important than the magnitude, however, is that this shows a systematic cross-
sectional relationship between information and subjective models, indicating a role for the narrative
heterogeneity channel. Quantifying the effect requires a model, as developed in Section 6 below.

The information indicator is composed of answers to several slightly different questions, with

small wording and definition changes across survey waves. In Appendix D.3 I repeat the regressions

24In a previous version of this paper (Macaulay, 2022) I explicitly model this process and show that the data line up
qualitatively with the model.
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Table 1: Information correlates with subjective models

ey) 2)

end up stronger  -0.0102 -0.00827
(0.0191)  (0.0192)

make little -0.0356***  -0.0315**
difference (0.0128)  (0.0129)
dont know -0.0627**  -0.0605***
(0.0172) (0.0172)
Controls None All
Time FE Yes Yes
Observations 8270 8270

Standard errors in parentheses
*p <0.10, ** p < 0.05, *** p < 0.01

Note: The table reports average marginal effects from estimating a probit regression of the information indicator on the responses to Question 1. The
information indicator equals 1 if the household reports using a direct source of information about inflation when forming their expectations, as defined
in Appendix D.1. The omitted category is the belief that inflation makes the economy weaker. All regressions are weighted using the survey weights

provided in the IAS. All regressions include period fixed-effects. The controls in column 2 are are gender, age, class, employment status, income,
education, region, and home-ownership status. Age, class, income and education are all reported in bands, and included as categorical variables.

of Table 1 on subsets of the questions, and find the results are robust. As some respondents do
not answer the unique survey questions used here, I also account for the concern that there may
be selection bias in whose answers are observed, using a selection model as in Heckman (1979).
Again, the results are robust.

Result 1 is not consistent with models with exogenous information, as there would be no
reason for information to be systematically correlated with household subjective models. It is,
however, consistent with models of endogenous information acquisition, as explored in Section 2.4.
Intuitively, the value of inflation information is lower for households who believe inflation makes

little difference to other variables that matter for their decisions.?

5.3 Subjective models over time

Figure 3 shows the proportions answering Question 1 with each subjective model of inflation over
time (‘don’t know’ omitted for figure clarity).

The majority of households answer that inflation would make the economy weaker in all quarters,
in keeping with the findings in Shiller (1997), Andre et al. (2022), and Kamdar and Ray (2024). The

2See e.g. Roth and Wohlfart (2020) for evidence that households perceive the state of the aggregate economy as
relevant to their own decisions.
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Figure 3: Proportions giving each answer to Question 1: “If prices started to rise faster than they are now, do
you think Britain’s economy would end up stronger, or weaker, or would it make little difference?”
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Note: Proportions shown are calculated using the survey weights provided in the IAS. Proportion answering ‘Don’t know’ is omitted for figure clarity.
The dashed line is the predicted values from regressing the proportion reporting that inflation makes the economy weaker on annual CPI inflation:
Pr(weaker), = 0.057 x CPI inflation; + 0.466. The coefficient on inflation is significant at the 1% level.

second-largest group report that inflation makes no difference. Combined with Empirical Result 1,
this suggests that the covariance of information on inflation and cross-learning from inflation to the
strength of the economy is negative. If households consume more when they believe the economy
is strong, the narrative heterogeneity channel will therefore reduce the consumption response to
inflationary shocks in partial equilibrium.

The relatively long time series of the IAS also allows us to see that the distribution of answers

varies substantially over time, which gives us our second empirical result.

Empirical Result 2 A greater proportion of households believe inflation weakens the economy

when realized inflation is high.

The correlation between annual CPI inflation and the proportion of respondents with negative
models of inflation is extremely high, at 0.8.%° The dashed line in Figure 3 plots the predicted values
from regressing this proportion on CPI inflation, showing that this correlation is strong across the
whole sample. Tests in Appendix D.4 show that the correlation is robust to the addition of various
macroeconomic controls, which themselves explain far less of the variation in the distribution of

responses than realized inflation. The correlations are also robust to using inflation measures split by

26 Although I do not use later data due to the structural break induced by the methodology change in 2020, this pattern
is robust through the 2021-22 inflation surge. Using data from 2020Q1-2024Q3, the equivalent correlation is 0.65.
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various household characteristics. Finally, the proportions giving all other answers are also shown
to be significantly negatively correlated with current inflation.

A key advantage of the temporary-information equilibrium approach is that we do not need to
take a stand on the source of this time-series variation in order to assess how it affects macroeconomic
dynamics. In Section 6 below, I take the evolving distribution of subjective models from this data as

given, and use that as an input into the quantification of the causal effects of inflation expectations.

5.4 Inflation perceptions, expectations, and subjective models

Finally, I compare perceived and expected inflation across households with different subjective
model beliefs. Figure 4 shows the time series of mean perceived and expected inflation by qualitative

subjective model of inflation, which gives us our third empirical result.

Empirical Result 3 Households who believe inflation weakens the economy on average perceive
higher current inflation, and expect higher future inflation, than those who believe inflation makes
no difference to the economy. They, in turn, perceive and expect higher inflation than those with

positive subjective models of inflation.

The differences are large: Table 12 in Appendix D.5 shows that even after controlling for the
full set of available household characteristics, those with a negative model of inflation perceive
that inflation has been 54 basis points higher than those with a neutral model, and 70 basis points

higher than those with a positive model.”’

The gaps are similarly large and strongly significant for
expected inflation.?® These results are not driven by selection bias from missing observations for
inflation perceptions and expectations.

This is not driven by the households using different kinds of information to arrive at their
perceptions and expectations: Table 1 shows that the households with positive subjective models
use similar information sources to those with negative models. It is, however, consistent with
information about high inflation causing households to update their subjective models towards
more negative views. Although the exercises here do not identify the direction of causation, such a
mechanism can parsimoniously account for Results 2 and 3. Within a period, those who receive
signals that inflation is high shift to more negative subjective models, and when realized inflation

rises more households receive such signals.

7If anything, these gaps are larger in the more recent waves of the survey omitted from the main analysis. At the
peak of the UK’s inflation in 2022Q4, the mean difference in inflation perceptions between those with negative and
neutral models of inflation was 374 basis points. For 1-year ahead inflation expectations it was 280 basis points.

BDriger et al. (2022) similarly find for German households that inflation expectations are higher among those
reporting that they would prefer inflation to be lower.
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Figure 4: Inflation perceptions and expectations by subjective model.

© - 0
o 4
< 4
2 S
5o 5
s 8
€ Ee
o o
N :
8 o
& o]
o 4
o~ 4
T T T T T T T T T T T T
2000q1 2005q1 2010q1 2015q1 2020q1 2000q1 2005q1 2010q1 2015q1 2020q1
‘ Weaker No Difference Stronger ‘ Weaker No Difference Stronger
(a) Perception, past 12 months (b) Expectation, next 12 months

Note: Perceived inflation refers to beliefs about what inflation has been over the past 12 months, and expected inflation refers to expectations for the
next 12 months. Averages for each variable are calculated using the survey weights provided in the IAS. Average perceptions and expectations among
respondents answering ‘Don’t know’ to the subjective model question (Question 1) are omitted for figure clarity.

6 The causal effects of household inflation expectations

Having documented direct evidence of a time-varying narrative heterogeneity channel in household

beliefs around inflation, I now interpret that evidence using a New Keynesian model.

6.1 Households

A representative chooses consumption CY, labor supply /V;, and real one-period bond holdings B; to

maximize
o0 1-2 144 11
_ _ C N, B
E U — E s Tt+s t+s t+s 40
tUt tgﬁl_i 901+w+51_n (40)
subject to:
R,
Ci+ By = =B,y + W,N; + D, — T, (41)

t

where R; is the gross nominal interest rate, 11; is the per-period rate of inflation, IV; is the real wage,
D is profits transferred from firms, and 7} are lump-sum taxes.

There are two differences to the household problem in standard New Keynesian models. First,
I include bonds in the utility function, as in Hagedorn (2018) and Michaillat and Saez (2019).
This allows the model to generate plausible marginal propensities to consume out of current and
expected income (Kaplan and Violante, 2018; Auclert et al., 2024), which is important here as the
key channel operates through the effect of inflation on income expectations and thus demand.

The second departure from standard models is the expectations operator F;. Rather than having
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the household form expectations directly, the model features a continuum of ‘agents’ within the
household. Each agent ¢ forms their own idiosyncratic expectations of all variables, using potentially
heterogeneous signals and cross-learning, and the household aggregates these before deciding
Ct, N¢. This simplification allows the model to isolate the role of heterogeneous expectations
through household actions, without generating further effects from heterogeneous expectations
causing heterogeneities in wealth.?’

In the notation of Section 3, the agent actions x;; are to choose a value for the expectation
of each variable in the system. The household consumption choice, after log-linearization, then

depends on the aggregate of these x;; through the following equation.

Proposition 10 Normalize steady state output and bond holdings to Y = B = 1. The log-linear

consumption function is

o = ph—1 + A Z A® (CEtytJrs - U(EtT’t+s - Eﬂt+s+1)) (42)

s=0

where lower-case letters denote log-deviations of corresponding capitalized variables from their
steady states, vy, is output, R is the steady state nominal interest rate, and |1, (, \ are coefficients
defined in Appendix E. 1.

Proof. Appendix E.1. m

This fits into the form of equation (27). Equation (42) is similar to the standard form in
models that do not impose rational expectations (e.g. Eusepi and Preston, 2018), though notably the
responses to future income and real interest rates differ from the standard form due to the bonds in
utility function. Labor supply is then determined by a standard intratemporal labor supply condition,

presented (along with all other model equations) in Appendix E.2.

6.2 Firms, policy, and market clearing

As the focus of this model is the behavior of households, I keep the rest of the model simple. Full
details and derivations are in Appendix E.2.
Monopolistically competitive intermediate goods producers set prices subject to quadratic

adjustment costs, and produce using labor as the only input to a linear production function. They

PThis is analogous to how McKay and Wolf (2023) and Debortoli and Gali (2025) in the HANK literature use
labor-aggregating unions to abstract from effects of wealth on labor supply, to focus on core demand effects. See
Broer et al. (2021) and Macaulay and Moberly (2025) for evidence that the correlation between wealth and inflation
expectations is small, especially outside the hand-to-mouth region.
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supply a perfectly competitive final goods producer, who combines intermediate goods varieties
using a CES aggregator. Log-linearizing the solution to the intermediate goods firm pricing problem
about the zero-inflation steady state yields the Phillips Curve. As in Bilbiie (2024),>° I make the
simplification that the Phillips curve is static, to focus on the mechanisms of interest operating
through demand:

Ty = Kt (43)

Monetary policy is set according to a standard Taylor rule:

Tt = QnTe + OyYs + Ury (44)

where v,; is an AR(1) monetary policy shock with Gaussian innovations.
The fiscal authority issues a constant supply of real bonds B = 1, and levies lump-sum taxes to

pay the interest on those bonds. Goods market clearing implies

Yt = ¢ (45)

6.3 Agent expectations.

In principle, the temporary-information equilibrium approach can be applied for a broad range of
assumptions on agent information and cross-learning. However, in this case I choose a particularly
simple structure, that allows me to isolate the role of the correlations documented in Section 5
without introducing a large number of free parameters in expectation formation, for which we have
no reliable disciplinary information. Documenting other aspects of household information and

cross-learning that are abstracted from here would be a fruitful avenue for future research.

Information. Agents observe realized v, and ;. However, they only observe a noisy signal about
7, as in e.g. Coibion and Gorodnichenko (2015). That signal takes the form used in (15) and (28),
which in this context is

5i(my) = Ty + Emp + Eime (46)

where €,; and €;,; are both mean zero Gaussian variables. Since the most common way to model
uncertainty about inflation is to abstract from direct signals about the future (i.e. the ‘forward
information’ of Goldstein and Gorodnichenko (2022)), I maintain the same assumption when

computing the causal effect of current inflation perceptions E,m,. However, for the exercises

30As shown in Bilbiie (2024), this can be microfounded by assuming firms pay a Rotemberg adjustment cost relative
to last-period’s aggregate price level, rather than their own past prices.
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involving the causal effect of inflation expectations E,m,,, we will need there to be a signal about

Ti41- In those cases I assume a one-time signal s;; (741 ), with the same functional form as s;; ().

Subjective models. Households know the true monetary policy rule (44). They also know the
functional form of the relationship between output and inflation (43), but may hold incorrect and
heterogeneous beliefs about the coefficient. Thus their expectations of future output and inflation

are related by

EitYirs = XiynBitTi1s (47)

where X, 1s the cross-learning from inflation to output, which I discipline below with the data in

Section 5. Finally, agents believe that inflation follows a simple AR(1) process, so that:
Eumirs = pEuTiys (48)

where the perceived persistence p is common across agents. This is a simplification of the true
inflation dynamics in equilibrium, made here to minimize the number of parameters in the subjective
models which would otherwise need to be calibrated. It is also consistent with evidence that

households typically use simple perceived laws of motion to forecast inflation (e.g. Adam, 2007).

6.4 Temporary-Information Equilibrium

This model fits into the framework of Section 3. As explained above, agent-specific expectations
are the choice variables x;; here. The state variables ¢, y;, 7, r; depend on aggregate expectation
choices through equations (42), (43), (44) and (45), which map into equation (27), with shocks v,,.>!
A formal statement of the temporary-information equilibrium of the model, along with algebraic

expressions for the causal effects of F,m, and F,m,,1, is presented in Appendix E.3.

6.5 Calibration

I set most of the parameters to standard values in the New Keynesian literature for a quarterly
calibration. The curvature parameters in the utility function are set to 0 = ¢ = 1, and (following
the suggestion of Kaplan and Violante, 2018) n = 2.5. Price stickiness is set to target an average
price duration of 5 quarters. The Taylor rule parameters are set to (¢, ¢,) = (1.5,0.125).

Next, I choose the discount factor 5 and the weight on bonds in utility £ to jointly hit two targets:

31Since bond supply is constant, in equilibrium b; = 0V, so we do not need to consider b; as a state variable.
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a quarterly steady state interest rate of 1%,>> and an impact marginal propensity to consume of 0.35,
which is the average estimate across the empirical studies surveyed by Sokolova (2023).

To calibrate p, I estimate an AR(1) regression using quarterly UK CPI inflation from Q2 2001-
Q4 2019, as in the survey data sample. Since at the time of writing the UK does not publish
seasonally-adjusted CPI data (Dixon and Michail, 2025), I include quarter-of-the-year fixed effects
in the regression. This yields a persistence parameter of p = 0.44. More sophisticated seasonal
adjustments give very similar results (see Appendix E.4).

I calibrate the joint distribution of Xy, 7i, to the data in Section 5. Since that data partitions
information and subjective models into discrete groups, I impose that agents are divided into three

such groups:
(X+,TH) with proportion p, ;
(Xiyr> Time) = § (0, 71) with proportion 1 — p, ; — p_, (49)
(X—,TH) with proportion p_ ;

with x4 > 0 > x_, and 7y > 7. This distribution reflects Empirical Result 1, that those with
positive and negative models of inflation’s effects on “the strength of the economy” (interpreted
here as output) have similar information precision, while those who believe inflation has no effect
on output use less precise information. In Section 6.6, I set the proportions in each group to match
the average proportions giving each subjective model answer over the sample. In Section 6.7, I
calibrate them period-by-period to the proportions observed in each wave of the survey. In each
case, I pool households responding to Question 1 with “make no difference” and “don’t know” into
the (Xiyr, Tir,) = (0, 71,) group.

The survey data is not informative about the magnitude of households’ perceived relationship
between inflation and output. I therefore proceed by assuming that households with x know the
true slope of the Phillips curve, implying x;,» = . I then choose x_ such that the squared
passthrough from F;m, to ¢; is equal across households with positive and negative models. This is
motivated by models of rational inattention: with standard quadratic objective functions, optimal
information precision is proportional to the square of the elasticity of the action to the state (see
the example in Appendix B). Thus if the households with x; and x_ make the same information
choices, they should have the same squared passthrough.

Those same rational inattention models typically imply that optimal information precision is 0

3 Note that with bonds in the utility function 3 alone does not pin down the steady state R.

33Since this is a strong structural assumption from which the extent of cross-learning heterogeneity follows, I explore
the robustness of the quantitative results to alternative calibrations in Appendix E.5. The narrative heterogeneity channel
remains substantial for a wide range of x values.
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for agents who do not believe the state is sufficiently valuable to learn about. I assume that ), = 0
falls in this range, so 7, = 0. I then calibrate 7y to target an estimate of the average Kalman gain
across households obtained from the survey data, in a procedure described in Appendix E.4. Finally,
when computing the causal effects of E,m,; I assume that households are equally well-informed
about current and one-period-ahead inflation, so 7;,,., = 7;x,. This is consistent with the finding
that Empirical Result 1 holds, with quantitatively similar magnitudes, for questions about inflation
at various horizons (see Appendix D.3).

In both exercises below I also compute the causal effects of interest in a quasi-full-information
rational-expectations (FIRE) benchmark, in which 7, and 7, , — 1 and all households know the
true slope of the Phillips curve, implying y;,» = x~*. Note this is not a true FIRE calculation, as I

maintain the AR(1) perceived law of motion for inflation, with p as calibrated above.

6.6 The causal effects of inflation expectations in steady state

The first exercise I conduct with the calibrated temporary-information equilibrium model is to find
the causal effects of an inflation perception or expectation shock when the economy is in steady state.
I calibrate the steady states of p, and p_ to the average proportions giving positive and negative
answers to question 1 in the survey data. Using these probabilities, and applying Propositions 6 and

7, I find the causal effects of inflation expectations on output. The results are displayed in Table 2.

Table 2: The causal effect of aggregate inflation perceptions E;m; and expectations E;7y 1 on output y;.
Total RA channel NH channel FIRE
Panel A: Effect of Eym,

Partial equilibrium  -0.167 -0.092 -0.076 1.150
General equilibrium  -0.128 -0.070 -0.058 0.882

* Panel B: Effect of E;men
Partial equilibrium  -0.379 -0.208 -0.172 2.607
General equilibrium  -0.291 -0.159 -0.132 2.000

Note: The table reports the causal effect of aggregate inflation perceptions and expectations on output, in partial and general equilibrium. The total
effect is decomposed into the representative-agent (RA) channel and the narrative heterogeneity (NH) channel, as described in Appendix E.3. The
FIRE column reports a benchmark in which Tz, , Tir,,, — 1 and Xiyr = %1 Vi. The calibration is described in Section 6.5 and Appendix E.4.

Greater inflation perceptions and expectations both reduce aggregate output, contrary to the
intuition popularly put forward for models with rational expectations (see e.g. Eggertsson and
Woodford, 2003; Adam and Billi, 2007), and the findings in the FIRE benchmark. This is because the
majority of households believe inflation weakens the economy in the survey, in line with e.g. Hajdini

et al. (2023). Since all variables here are in log-deviations, the magnitudes reflect percentages: a 1%
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increase in £, 1 causes a 0.3% fall in output in general equilibrium. This is noticeably smaller in
magnitude than the predictions under FIRE, because greater inflation expectations now feature two
competing effects: lower expected future income through the subjective model is partially offset by
the standard positive demand effect of lower expected real interest rates.

As observed in the TAS data, there is a negative correlation between information 7; and ;,
so the narrative heterogeneity channel is also negative for both shocks I consider. Quantitatively,
this amplifies the steady state GE effects substantially, accounting for 45% of the total effect of
E,m,1.>* For both perceptions and expectations, general equilibrium feedback is also critical to the
magnitudes: since an increase in each belief is contractionary, it causes the monetary policymaker

to cut nominal interest rates, which weakens the overall effect.

6.7 The causal effects of inflation expectations over time

I now feed in to the model the time series of py ;, p_; observed in the IAS survey. As shown in
Figure 3, p_; rises and p., falls when realized inflation is high. Figure 5 shows the resulting causal
effects of £, and E,m,; on 7, in general equilibrium. The solid black line is the total effect. The
dashed blue line is the representative-agent channels only.

The causal effects of inflation perceptions and expectations vary substantially over time. When
annualized inflation peaked at 4.8% in 2008 Q3, the causal effect of E,m, on y; was -0.22. By 2015
Q1, when annualized inflation was 0.1%, the effect was -0.03. For Etmﬂ, these numbers are -0.51
and -0.06. Both causal effects decreased by almost an order of magnitude over this horizon.

However, for both variables the volatility of the overall causal effect is somewhat greater than that
of the representative-agent channel. This is because when inflation increases, many of the households
who previously engaged in positive cross-learning from inflation to output (x;,» = x+ > 0) shift to
the neutral subjective model (x;,~ = 0). This strengthens the negative correlation between 7;,, and
Xiy=» and thus strengthens the narrative heterogeneity channel. When realized inflation falls, the
distribution of subjective models becomes more dispersed, and the ‘positive model” group reduce
the magnitude of this systematic covariance. The narrative heterogeneity channel increases the
variance of Q5" (7,,1) by 21%.

The narrative heterogeneity channel is therefore an important driver of the causal effect of
inflation expectations. In fact, the magnitudes reported here are likely to be an underestimate of
its effects, because in imposing the discrete-group structure in equation (49) I have removed much

of the potential heterogeneity in 7., and X, across households, and thus limited the scope for

3*Under the baseline calibration this ratio is identical for perceptions and expectations. Appendix .5 shows that
relaxing 77, = 0 breaks this equivalence, but the differences remain quantitatively negligible.
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Figure 5: The causal effect of inflation perceptions E,m; and expectations Etﬂt+1 on output y; over time.
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Note: Figure plots the general-equilibrium causal effect of aggregate inflation perceptions (left panel) and expectations (right panel) on output over
time. In each panel, the solid black line is the total causal effect and the dashed blue line gives the representative-agent channel only. The difference
between the two lines reflects the narrative heterogeneity channel. The proportions p4 ¢+ and p_ ; are calibrated period-by-period to the proportions
observed in each wave of the IAS. All other parameters are calibrated as described in Section 6.5 and Appendix E.4.

narrative heterogeneity effects. In particular, Empirical Result 3 indicates that subjective models
may respond to inflation perceptions and expectations, which are themselves highly dispersed
across households. Incorporating this feedback would introduce additional covariation between

information and cross-learning beyond what is captured here.

7 Conclusion

This paper studies the causal effects of heterogeneously-formed expectations in general equilibrium.
To do this I develop a new approach, which I label the temporary-information equilibrium. This
builds on the core insight from the recent literature on information-provision survey experiments
in economics, that is that one can study the causal effect of expectations by creating exogenous
variation in a part of agent information sets. Taking this idea from the empirical literature and
applying it to theoretical macroeconomic modeling retains the precise causal interpretation of
temporary equilibrium analysis, while allowing for cross-learning, general-equilibrium feedback
into expectations, and heterogeneity in the reception and response to information.

I show how to apply this approach to a general class of linear macroeconomic models, and
to the specific cases of a Calvo pricing model, and a New Keynesian model. In doing so, I

find that the causal effects of expectations, and by implication the role of expectations in the
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transmission of fundamental shocks, depend in general on a novel narrative heterogeneity channel.
This operates whenever information and subjective models covary systematically across agents.
Heterogeneous subjective models imply heterogeneous responses to information, so systematic
patterns in the distribution of information across agents with different subjective models distort the
aggregate response to shocks. Moreover, many common assumptions about expectation formation
popular in current literature generate transmission channels of this kind whenever there is non-zero
heterogeneity in both information and subjective models.

In the Calvo model, the presence of this channel can have large quantitative and even qualitative
effects on the conclusions from temporary-equilibrium analysis that necessarily assumes no
expectations heterogeneity. For the New Keynesian model, I use unique features of a UK
household survey to show that household subjective models and information about inflation covary
systematically with each other, implying that the narrative heterogeneity channel will indeed be
present in the causal effects of household inflation expectations. When matching the model to the
empirical patterns, the narrative heterogeneity channel substantially amplifies the negative effects of
inflation expectations on output, and the time-variation in that effect.

Finally, an effective use of temporary equilibrium has been to combine “theory with measured
expectations” (Piazzesi and Schneider, 2016; Ludwig et al., 2024). The drawback of this approach
is that the measured expectations are informative about the level of expectations, but not how they
change in response to shocks. Since temporary-information equilibrium is conceptually related to
information-provision experiments, it can be used to combine theory with measured expectation
changes. 1 provide one example of this, combining the temporary-information equilibrium of
the Calvo model with the RCT results in Baumann et al. (2024). Open-ended survey data on
narratives and subjective models (reviewed in Haaland et al., 2025) offers a similar opportunity,
as the responses provide a direct source of data on the cross-learning parameters that are central
to temporary-information equilibrium and the narrative heterogeneity channel. More broadly, this
method opens up the possibility of combining state-of-the-art expectations data with macroeconomic

theory to answer a wide range of macroeconomic questions.
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A Proofs for Sections 2 and 3

Relaxing upper-triangularity of //;. In Section 2, we restricted attention to upper-triangular

M ; matrices. This implied that x, had a unit diagonal. We now relax that assumption. Doing this
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implies that 7; can no longer be interpreted as the extent of expectations updating after a direct
signal.>> However, it is helpful to re-scale the x; and 7, such that the original interpretation is
restored. As in the first stage of an information-treatment RCT, we would like 7; to reflect the
updating from signals to expectations of the variables being signalled.*®

To do that, define a new square matrix D;, where the diagonal elements are the diagonal elements

of x;, but all off-diagonal elements are equal to 0. Then define x, = x;D; * and 7; = D;T;, so
Eiq(z) = X;Tisit (50)

This is of the form in equation (9), but x; is now guaranteed to have a unit diagonal, such that 7;
captures the updating from direct signals. I drop the hat-notation for the rest of the paper to simplify
notation, but with this rescaling it is therefore possible to allow for non-upper-triangular M; in all

of the paper’s methods and results.

Proposition 1. Differentiating equation (11) with respect to the information shock yields

dﬂ't
der,

= (1 - )‘)(1 - ﬁ)\) Z(ﬁ)‘)s /(Xiﬂt+s7rt7—i7rt + Ximct_;_sﬂ’tTiTrt) d (51)

s=0
Aggregating equation (9) across firms and then differentiating yields

D) _ [ =, (52)

den,

where we have used the fact that the diagonal elements of x, are equal to 1 by construction.
Since the model is linear, scaling the shock by 7! implies a unit change in £ (m;), which then

generates equation (12).

3For example, in the Calvo model a signal about 741 has a direct effect on E;;myy1, but also may affect Ejymeyy .
If M ; is not upper-triangular, this change in E;;mc; 1 may cause a further change in Fymy11. Tir,,, only captures
the first of these effects, which is no longer the full update after the signal.

3When M ; is not upper-triangular, in principle (I — (I — 7;) M) may not be invertible, and thus x,; may not be
well-defined. A sufficient condition for invertibility is that the spectral radius of (I — 7;) M ; is < 1. Economically, this
condition implies that feedback loops in agent i’s subjective model, in which E;;(z;) affects Ej;(z;) affects Ei(2;),
cannot be so powerful as to be explosive. I restrict attention throughout to cases where this condition holds.
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Proposition 2. The proof follows the same steps as that for Proposition 1. Differentiating equation

(11) with respect to the information shock yields

dﬂ't
der,

= (1=A)(1-pN) Z / Ximeysmer Timerr T X’LmCt+s7Tt+1TZ7Tt+1) di (53)
s=0 ?
Aggregating equation (9) across firms and then differentiating yields

dE
—t(ﬂtH) = /Tiﬂt+1dz’ = Ty 54)

Since the model is linear, scaling the shock by 7 m , implies a unit change in Ey(m;41), which

then generates equation (13).

GE effects of ;. With the assumptions on signals in equation (15), equation (11) can be written
= (1=X)(1-p5N (Z(m)s / (Ximeyums + Ximeryom) Tz‘ntdi> (T +ex)+a  (55)
s=0 i

where a collects the steady-state markup p and all terms involving signals of mc; s, and 7 ¢ for

s > 1. Differentiating with respect to €,,, yields

= (=N ) (DW [ i+ Ximersn) d) (Z+1) oo

der, g i

which rearranges to
d’ﬂ't . 7_'7TtQPE (7Tt)
der, 1 — 7, QPE(m,)

(57)

where

O (m) = (1 =21 - BN (Z(m)s / (Ximeame + Ximerpars) T—dz) (58)

S
s=0 v ¢

denotes the (scaled) partial-equilibrium effect of 7, expectations, as in equation (12).
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Aggregating equation (9) across firms and then differentiating yields

dEt(Tt) _ dﬂ't
= 1
der, T (dem + ) (59
’7_'7|— QPE(Wt>
=T, : 1 60
(g ) ©
Try

=1 5.0P(x,) 6D

where the second equality uses equation (57). To ensure the impact on E;(7;) = 1, we therefore
17‘7‘TrtQPE(7Tt)

scale the shock by —~———. This implies

Ty

1 — 7, QFF d
QGE<7Tt) — Try (ﬂ-t) T — QPE(TFt) (62)

Tre de,

After scaling, general equilibrium effects of expected current inflation are irrelevant.

Proposition 3. The proof follows the same steps as for the GE effects of expected m; above.

Equation (11) can be written

Ty = (1 - >‘)<1 - 6/\) (Z(BA)S /(Xiﬂt+s7rt + Xim0t+s7rz) Timdi> (ﬂ-t + 57&)

s=0 t
+ (1 - )‘)(1 - 6)‘) (Z(BA)S /(Xiﬂt+s7ft+1 + Ximct+s7rt+1) Tiﬂt+1di> (7Tt+1 + €7Tt+1) + (Z/ (63)
s=0 ¢

where @’ collects the steady-state markup . and all terms involving signals of mc;, ,, and 7;, , for

s > 2. Differentiating with respect to €, yields

d7Tt
— PE
d = Tﬂ't Q (ﬂ—t)
Emiia Ti4+1

+ Ty X (mi41) (64)

where we assume that the change in expectations does not imply any change in realized ;1. In
other words, by the time period ¢ + 1 arrives, the firms realize that the change in s;;(m.1) they

observed was noise, so Fj;,1(m 1) return to steady state. Rearranging, we obtain

dﬂ-t _ 77_7Tt+1QPE(7Tt+1)
der,, 1 — T, QPE(m,)

(65)
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Aggregating equation (9) across firms and then differentiating yields

dEt <7Tt+1) _ dﬂ't / .
- —Ix ime17e LAT d 66
dSﬂHl Trii1 + d€ﬂ-t+1 iX g Tim, AL (66)
_ T VP (M41) ,
= Tﬂt_‘_l + 1 _+ 7_'71-t QPE(Wt) i Xim+17rt7—i7rt dZ (67)

This is more complicated than the case of a shock to €., because the general equilibrium
feedback into aggregate E;(7;,1) occurs through cross-learning from changes in realized 7;, and

thus in s;; (7). Define the constant K as

1

T QPE -
K= (7__7rt+1 n Trig1 (7Tt+1) /XiﬂtJrlTrtTimdi) (68)

1 — 7, QFPF(m,)
1-— ’/tﬂ-tQPE(Wt)

= - = = = = (69)
7—71't+1 (1 - TWtQPE(ﬂ-t)) + T7rz+1QPE(7Tt+1)(Xﬂt+17rt7-7rt + COUI [Xim+17rt7 TthD
The scaled aggregate effect of the shock is therefore
K dﬂ.t — 77—7rt+1 QPE(ﬂt"‘l) (70)

deﬂt+1 77_7|'t+1 (1 - %ﬂtQPE(,/Tt)) + 77_7Tt+1 QPE(Wt‘f‘l)()ZWt-Q-lﬂ't’fﬂ't + COU[[XiTFt+17Tt7 Tiﬂ't])

which after dividing through by 7, ., becomes equation (16).

Proposition 4. This follows from equation (20). Using this and the definition of the counterfactual,

the fraction of transmission due to expectations is

dmy  _ dmy dmy
dmecy dmecy dmecy PE
~F ~F =
I =1- T = 1—(1 =7, (m)) (71)
dmecy dmcy

which implies equation (21).

Proposition 5. The parameters in equation (22) have been chosen so that the representative-agent

effects of inflation expectations (line 1 in equation (14)) are equal to those in equation (6). Since
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Ximeeysm 18 S€t to 0, it only remains to find

CO’U] [Xiﬂt+sﬂ't> Tiﬂ't] = EI [Xiﬂt+s7TtTi7Tt] - Xﬂt+s77t7_—7rt (72)
1+4+s
- EI[Xiﬂt+s7Tt|Ti7rt = 1] Pr<Ti7Tt - 1) - 9 (73)
1+2 1-— 1
_((A+2s)g+1-q) 1+ (74)
2 2
S
=220 1) 75)

where E;[-] denotes a cross-sectional expectation across firms, and ¢ = Pr (Xm pom = 1 25|7'm =

1). With this, the narrative heterogeneity effects (line 2 in equation (14)) are

LA I S (30 ot Niry s 7o) = (1= (L= N (20~ DY (B's (70
2 s=0 s=0

ML= A2 1)

77
1—p8A 77)
Adding this together with the representative-agent effects from equation (6) yields
1 d 1—A AMI—=XN)(2¢—1 1—A
T = + AN )24 = 1) = (14 BA(2¢ —1)) (78)

T der,  1— B 1— B\ 1— B

and taking 5 — 1 then generates equation (23).

Proposition 6. The proof follows the same steps as for Proposition 1. The kth row of equation
(26) can be written as

Tikt = Z Azknxznt 1+ i zz: szszmnTmSznt (79)

n=0 m=0

where A;.,, denotes the k, nth element of A;, and B;;,,, denotes the k, mth element of B;. X, and

Tin are the m, nth element of x; and the nth diagonal element of T; respectively.
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Aggregating across agents ¢ and differentiating with respect to €;; we obtain

Az 4& .
iz, = [(Z Bikaiijij> di (80)

m=0

N,
= Z (Bkmfémﬁj + Covy [Bz’kmy Xiijij] + BkmCOUI [Ximj7 Tz‘j]) (81)
m=0

where the second equality uses the definition of a covariance.
Similarly, aggregating equation (9) across agents and differentiating yields

dEt(Z‘t) A
Tj: = /iTijd’L = Tj (82)
where we have used the fact that diagonal elements of x; are equal to 1 by construction.
Since the model is linear, scaling the shock by 7' implies a unit change in £} (z;;), which then
implies equation (29).

Proposition 7. Aggregating equation (26) across agents, we can express the aggregate policy

function as

Ty = /‘félzzcztldZ + Z [QfsE%xs(thrs + €:pt+s) + Qif%ws(wrks + Ewt+s)] (83)
L 5=0

where QfSE is a N, x N, matrix collecting the partial-equilibrium causal effects of expectations

about each element of the future aggregate choice vector x,, ; on each aggregate choice (i.e. each

PE

element of x;), as defined in Proposition 6. Similarly, €2,

isa N, x N, matrix collecting the
partial-equilibrium causal effects of expectations about each element of the future state vector w;
on each aggregate choice. T, and 7, are square diagonal matrices with diagonals equal to the
average 7;; parameters across agents for signals on x,, and w, , respectively. Finally, €, and
Ewtrs are vectors collecting the public component of noise in signals on x;. ; and w;, ;. Note that
the idiosyncratic noise terms in equation (28) cancel out when we aggregate across agents.

Rearranging equation (27) we obtain

wy = —-D'Cxy — D'FE, (84)
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Substituting (84) in to (83) and rearranging yields

Ly = ([ — AO)_l </Al$1t1d2 + Z [Asthrs]

s=1

+ Z [QfsE%xsextJrs + Qif%ws(ewﬁrs - DilFét—i—s)} ) (85)

s=0

where
A, =QMF7  —QlFz D7'C (86)

Differentiating with respect to €, 5, yields

df::h =(I=Ag)™" (fonh + 2 [As j:t;h D (87)
Next, we turn to ;:Cﬁ. For this, note that the terms relating x; to x;;_; in equation (83) can be
written as
/ Ay 1di = Az, (88)
where
A= / A;di + Covg[A;, i)z, (89)

and ;" | is the Moore-Penrose pseudoinverse of ;_1, such that ;" ;x; | = 1.7

To proceed, we will make the simplifying assumption that Covs[A;, a:it,l]a:j_l 1s constant over
time. That is, the correlation between an agent’s weight on lagged actions in their policy rule and
their deviation from the aggregate actions may be non-zero, but it is unaffected by shocks. With this
simplification, A is constant.

Let the matrix R be defined by the recursion

R=(I—-Ay)™" <A + Z AkRk“) (90)

k=1

3"Note that A is only well-defined if ;1 # 0. For a shock arriving in steady state, ;1 = 0 and the first term in
(85) drops out, so the value of A is immaterial in that case.
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Given this, we can show the following.
Lemma 1 [f the series Y -, A R*"! converges, and if the spectral radius of R is p(R) < 1, then

dmt

dmt—&-s s

O

deyiin d€zith

Proof. We prove equation (91) with a guess-and-verify approach. Rolling equation (85) forwards

and differentiating, we have

Az, _ (I—Ao)_l ( dﬂ?t+s 1 +§: [ dwt+s+k:|> 92)

deytn d€gtvh o1 degtrn

Substituting in equation (91) this becomes

dmt-i—s -1 1 d - { k dwt ]
——={U-A AR + ALR5T 93
dsxt+h ( 0) ( dsxt—i—h kZ; dsmt—i—h ( )
dx
k+1 s—1 t
= (I —Ao)~ (A + Z WR ) R . (94)

which when combined with (90) verifies the guess.

The requirement that Y -, A, R*™ converges in some consistent matrix norm ensures that
R is a well-defined finite matrix. p(R) < 1 ensures uniqueness of the bounded solution in (91),
ruling out explosive alternatives. We assume these conditions hold, in analogy with the determinacy
conditions in rational-expectations models (existence and uniqueness of a bounded solution). m

Substituting equation (91) into equation (87) and rearranging yields

—1
d o0
T <I R [ASRS]) QFEF,, 95)

dertJrh o—1

Applying the same steps to a shock to information about state variables yields

o -1
doe _ (1 —Ag— > [ASRS]) QPEr,, (96)

d€wt+n 1

Defining the N, x N, matrix Q7% = (QLF QFPF QPF QFF ), we can combine these into
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one expression:

d

= A“FQPEr (97)
dEt

where

00 -1
AGF = <[ —Ag— > [ASRS]) (98)

s=1

To extract the causal effect of the jth element of €, on the kth aggregate action (zy;), we simply

do: " Since T is diagonal, this implies

take the k£, jth element of the matrix oy

dg GEQPE] =
E = [A Q ]k,j T (99)
as in equation (32).

All that remains is to scale this so the impact on the relevant aggregate expectation is equal to 1.

The jth row of equation (9) is

N

Ei(zj) = Z XijnTin(Znt + Eint + Ent) (100)

n=0

Aggregating across agents and differentiating with respect to ;; we find

dEy(z)  _
— L =7+ 101
des T+ 1 (101)
where
ak dz
Iy = (XjnTn + Covr[Xijn, Tinl] = (102)
n=0 dgjt
N.
= > [XjnTn + Covr[Xijn, Tin) - [PAFQTF] 7 (103)
n=0
where
P=[,-D'C,R,~D'CR,R*, -D'CR?,..]. (104)

The second equality giving rise to equation (103) comes from using equations (97) and (84)

to obtain %‘t in terms of
J

dmt
det ’

and using this to substitute out for 22, Since p(R) < 1 by the

dEJ't :
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assumption in Lemma 1, the powers [?° converge to zero and the matrix P is well-defined.
To ensure a unit change in Ey(zj;), the un-scaled effect ‘fli—’?tt must be multiplied by K =
J

(75 + F]’)_l. Combined with equation (99) this implies equation (33).

Corollary 1 If there are no signals about any variables realized after the current period, the
general equilibrium feedback from an exogenous change in expectations of a contemporaneous

variable is determined by the matrix
AP = (I = QFF 7,0+ Q5P 7,,D'C) (105)

where QL and QL] collect the partial-equilibrium effects of each expectation Ey(z;,) for zj; €

{xy, w}, and T o, Two are matrices collecting the corresponding elements of average T;.

Proof. If there is no forward information, then 7, and 7,5 are zero matrices for all s > 1. Equation

(86) therefore implies A is a zero matrix for all s > 1. Equation (98) then becomes
AP = (I = Ag)™" = (I — QP70+ QLF7,,D'C) (106)

where the second equality uses equation (86). m

From this, we can see that an exogenous change in E;(z;;) causes two related general equilibrium
feedback effects. First, as in the Calvo model in Section 2, the shock causes a change in aggregate
actions x;, which feeds back into the information agents receive.

Second, this change in x; also affects the state variables w, through the equilibrium condition
(27), which also affects agent information. This was not present in Section 2 because we abstracted
there from all responses of the state (marginal costs) to firm actions.

Finally, note that outside of the special case in Corollary 1, there is a further category of effects,
as changes in Et(zjt) affect future actions and states through the lagged-action term A;x;;_; in the
policy function (26). If agents get signals about future aggregate actions or states, those signals will

also therefore react to the change in E(z;;).

Proposition 8. Differentiating equation (85) with respect to the fundamental shock vector &,

yields

d [, d
B (1 Ao) | -Q5FF D P+ Y [As "’J”S} (107)
dg, L dg
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Following analogous reasoning to that in Lemma 1 we can substitute out for d:;:?s R? 32“ ,
t

where R is defined in (90). Rearranging the resulting expression implies equation (34).

B Narrative heterogeneity in common models of expectation

formation

I focus here on the model in Section 2 under the simplifying assumptions that 7;; = 0 for all
variables except 7, and £, = 0, &, ~ N(0,02), 7y ~ N(0,02). The reset price of firm i is then

given by
-Pt 1= 1 - /B)\ Z X17Tt+57rf + leCt+57Tf:|TZ7Tf (ﬂ—t + gMTt) (108)
s=0

It will be helpful here to define ; as the sum of cross-learning parameters as they enter the reset

price first order condition:

o0

)NCZ = Z(ﬂ)‘)s[)@mﬂrsm + Xim0t+57rt] (109)

s=0

I also assume that firms incorporate their signals into expectations of 7; optimally. Standard

Bayesian updating therefore implies

0.2

Tim, = m (110)

Rational inattention. Following Sims (2003), models of rational inattention assume that agents
choose the precision of their signals, subject to a cost (see Mackowiak et al., 2023, for a review).

To study this in our Calvo model, we make two assumptions. First, a resetting firm 7’s expected

payoff is proportional to — Ej; 1 (p3, — p5’)?, where pli! is the reset price that they would choose if

they precisely observed 7;.® Second, before the signal s;;(7;) is observed, each firm can choose

the variance of €;,,, subject to a cost that is proportional to the expected entropy reduction between

their prior and the resulting posterior beliefs about 7,.*"

38 An objective of this form can be obtained by taking a log-quadratic approximation to the profit function (Mackowiak
and Wiederholt, 2009).

$Since the firm’s objective function is quadratic, and priors are Gaussian, the signal structure in equation (15)
without public noise is in fact optimal (Mackowiak and Wiederholt, 2009).
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Since there is a one-to-one mapping between o2 and 7, (equation (110)), we can formulate the

information-choice problem as

1
—Ey1(p}, — piy")* — pl 111
arg max —Fi 1P —pi )" — plog { 7— p— (111)
where 1 > 0 is the marginal cost of information.

Substituting out for p} and pf! using (108) and evaluating the expectations, the problem

becomes

1
1— B o — 1 1 112
arg_max, — (1= BN*XE ((Tim, — )07 4 72,07) — plog (1 —%) (112)

which after substituting out for o7 using (110) and differentiating gives the first order condition:

L
Tim, = max ¢ 0,1 — 113
1Tt { ) (1 _ 5}\)20'2 } ( )

This clearly generates correlations between 7, and Xir,. ., Xime, s 4 long as some firms
choose to process strictly positive amounts of information (7;;, > 0). Intuitively, firms who believe
there is a stronger pass-through from current inflation to future inflation and to marginal costs (larger
X7 =20 o (BA)* Ximesom + Ximersom)]?) find information more valuable, so process more of it —

implying a 7;,, closer to 1.

Learning. Models of rational inattention endogenize ;. In contrast, models of learning make
subjective models endogenous: agents estimate the coefficients of aggregate laws of motion from
their observations (Evans and McGough, 2020). This also generates a narrative heterogeneity effect,
because agents learning from systematically different information estimate different laws of motion.

To incorporate this in a simple way into the Calvo framework used here, assume that all firms
have perceived laws of motion that specify there is no link between ; and future 7, ; or mc; ¢ for

s > 1, that m; ~ N (u, 02), and that current mc; is perfectly correlated with 7;:
Ty = YMC (1 14)

These assumptions imply that y; is equal to the firm’s belief about the parameter .
Furthermore, suppose that at the end of period ¢ (i.e. after resetting firms have chosen p;;) firms
observe the realized mc;. They can therefore use the combination of mc; and s;;(m;) to learn about

the true slope 7.
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There are a range of possible learning technologies present in the literature. I proceed here with

a tractable application of Bayesian learning (reviewed in Baley and Veldkamp, 2022). Using their

observation of mc; and their inflation signal from period ¢, firm ¢ can construct an unbiased signal
about v:

si(m t) €ime

mcy mcy

(115)

To keep the learning problem simple for this example, suppose that firms start period ¢ with

2
yit*

straightforward: Bayesian updating implies that posterior beliefs about v at the end of period ¢ are:

a Gaussian prior belief about ~, with mean i.;; and variance o Learning about 7 is then

€in
E(vy]si(m), me) = it + Ky <’Y + mct - Mw’t) (116)
t
where the gain K;; is given by:
mcio?,
Ky = e (117)
mc;o’, + o2 <—TW:’5>

This gain is strictly increasing in 7;,,. Firms with more precise information update their
subjective models more strongly in response to it. At the extremes, a firm with 7, = 1 is able to
exactly back out the realized «, so K;; = 1 and their posterior belief matches the true correlation
between m; and mc;. A firm with 7,;, — 0 has K;; — 0: their signal is uninformative, so they
never update their subjective model. If period-¢ posteriors persist to influence the prior beliefs
used in pricing decisions in period ¢ + 1, this difference in learning speeds will create a narrative
heterogeneity channel.

We can see the effects of this more concretely if we impose further structure. Assume that in
an initial period 0, all firms share the same priors, with mean 1, and variance Uio- Firms are split
equally between 7;,;, = {0,0.5, 1}. Finally, assume all firms believe -y is constant, so prior beliefs
in period 1 are centered on their period-0 posteriors.

In period O, resetting firms choose prices before observing mc;, so use their prior beliefs on

70.** Since there is no heterogeneity in these beliefs, the narrative heterogeneity term is equal to 0.

“0In all periods, I assume that firms make pricing decisions as if they were certain of their estimate of -, following
the standard ‘anticipated utility’ assumption in the learning literature (Bullard and Suda, 2016).
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After mcy is realized, firms update their subjective models using equation (116), which yields:

1o if 7ir, = 0
mc2o? €in .
Ei(v]sio(me), meo) = § o + mzor 2oz (7 + o MO) if 7, = 0.5 (118)
v E

v if Tir, =1

In period 1, resetting firms choose their price using ;1 = [E;(7]sio(m), mcy)] ! as their
subjective model. The narrative heterogeneity channel is then:
- 1

Covr[Xit, Tim) = 6(7 — fio) (119)

If prior beliefs in period O are below the true ~y, then in period 1 the narrative heterogeneity
channel is positive. Firms with precise information update their beliefs about v upwards, while
those with imprecise information do not, so more precise information is associated with higher x;;.
If period-0 priors are above the true v, the narrative heterogeneity channel has the opposite sign.
The only way for the narrative heterogeneity channel to disappear is if period-0 priors are centred

on 7.

Sticky information. Following Mankiw and Reis (2002), firms observe information only
sporadically. With probability ¢; € (0, 1), firm i observes 7; precisely, which through equation
(110) implies 7;,, = 1. With probability 1 — g;, firm ¢ observes no information at all (7; = 0). Asin
Reis (2006) and others, firms can pay a cost to increase ¢;.*!

Applying the same steps as used to obtain equation (112), expected utility net of the increasing,

convex cost of increasing ¢; (C'(g;)) is:
—(1 =N (1 - 4) = Clar) (120)
The firm chooses ¢; to maximize this objective. The optimal g; satisfies the first order condition:
(1= BN o7 = C'(a1) (121)

which implies ¢; is strictly increasing in X7 = [>00 ((BA)* [Xirrsum + Ximersomi)] ?_ The intuition is

the same as the rational inattention model: information is more valuable to firms who believe that

#Specifically, Reis (2006) assumes firms can pay a cost to observe information, which is equivalent to paying to
increase ¢; to 1.
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current inflation has larger effects on future inflation and marginal costs.

By the law of iterated expectations, each narrative heterogeneity covariance can be expressed as:

COU(Xijm ) Tim) = E(E(Xijm TiT(t |Ql)) - )ijE(E(Tim |QZ)) (122)
= E(Xijr @) — Xjm £ (@) (123)
= Cov(Xijn,> Gi) (124)

That is, the narrative heterogeneity channel appears whenever the probability of observing
information is correlated with a firm’s subjective model. Equation (121) implies that this is

indeed the case. In the case where -, > 0 for all 7, then Cov;(Xjr;, ¢i) > 0.

Information delegation to media outlets. As in Nimark (2014), Chahrour et al. (2021), and
others, assume that firms receive their signals from media outlets, who perform an editorial role.
Media outlet m observes m; precisely, and chooses whether or not to report it to their readers
depending on its realization.

As is common in the literature, I focus on editorial decision rules in which large shocks are
deemed more newsworthy. Media outlet m reports on m; if |m;| > 6,,, where 6,, > 0 is an outlet-
specific threshold. If outlet m reports on 7;, any firm that reads outlet m observes ; precisely
(Tiz, = 1). Using the same quadratic objective as in the rational inattention case, the firm has a
payoff of 0. If m does not report 7, readers do not observe any information about 7, (7;;, = 0).
Instead of 7, the firms read about a non-economic news story, from which they gain utility z. Each

firm only reads the news from one outlet. The expected utility from reading outlet m is:
EimtflUit = Pr(‘ﬂ'tl > Qm) -0+ Pr(|7rt] < Hm) : (.T — (1 — ﬁ)\)f(?V&?”(ﬂ't“ﬂ't‘ < 9m>) (125)

Importantly, the variance of 7, conditional on 7; not being reported is not equal to the
unconditional variance 2. This is the key insight of Nimark (2014): the fact that 7; is not
reported allows firms to rule out extreme realizations of .

As 0, rises, Pr(|m| < 6,,,) rises, but Var(m||m| < 6,,) also rises as fewer extreme realizations
can be ruled out. This means that as 7; becomes less likely to be reported, the expected utility
costs of it going unreported also rise. These costs are proportional to Y7, so firms with larger
cross-learning parameters prefer 7; to be reported more frequently. This is the key mechanism that
generates a narrative heterogeneity effect, as firms with greater x;;, parameters demand news with
a lower threshold 6,,.

The exact value of the narrative heterogeneity channel depends on the nature of the media
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market. For simplicity, here I follow Nimark and Pitschner (2019) and assume that there is a
continuum of media outlets, one for each firm, and that each outlet maximizes the expected utility

of their associated firm. The optimal 6; for firm 7 is given by the first order condition

v
(1= BN

ov 0; AN L
—Var(m|m| < 6:) = Pr(|jm| < 6;) - < ar(m||m| < )) (8Pr(|7rt| < 90)

00 00;
(126)
which for any symmetric distribution of 7; straightforwardly implies that 6; is decreasing in Y?.
To see this, note that for any distribution of mr; that is symmetric about zero, E(m||m;| < ) = 0,

and so )
ff;, 2 f(m)dm
Var(m||m| < 60;) = Be(lm] < 6) (127)

where f is the density of m;. By symmetry, %‘Jild") = 2f(6;). Differentiating the conditional
variance with respect to ; gives
8Var(7rt}|7rt| < 01) 2f(92)

_ 2 _ .
5 = Pl 28] [(91. Var(m||m| < 92)] (128)

Putting these together, we obtain

oVar(m||m| < 6; oP < 6,
D ———

Substituting into equation (126), the conditional variance terms cancel, to give

1
)) =67 — Var(m”m\ <6;) (129)

X

0, =,/ —————
Z (1= BAX?

(130)
which is decreasing in y?.

For any given realization of 7;, we therefore have 7;,, = 1 if )2? is above a certain threshold,
and 7;,, = 0 if not. This generates a narrative heterogeneity effect because information is therefore
concentrated among those with large cross-learning parameters, as in the rational inattention and
sticky information models. Unlike those models, the extent of this covariance is now state-dependent:
at 7; close to 0, almost no firms receive news about it, so there is little heterogeneity in information
and the covariance is small. At very large (positive or negative) realizations of m;, almost all

firms receive the news, and again there is little heterogeneity. The narrative heterogeneity effect is
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therefore strongest for intermediate realizations of m;, when news coverage is more divided.

Covr[Xi, Tir,) = [Er(X:lX; > X" (m)) — x| - Pr(X} > x*(m)) (131)

where x* () is the threshold such that firm 7 receives news on 7; if x? > x*(m;). The results above
imply that y*(m,) is decreasing in |m;|. For small |m;|, the first component is close to 0. For large
|7¢|, the second component is close to 0.

This analysis abstracts from two further channels through which media provision of information
may affect the joint distribution of information and subjective models. First, I considered only news
reporting functions which were symmetric about 7m; = 0. This implied that F;;7; = 0 whenever
the firm’s media outlet did not report 7. If there was a bias (e.g. if negative shocks are reported
more often than positive shocks, as in Chahrour et al. (2021)), then a firm observing their outlet
not reporting m; will adjust their posterior expectation of 7;, as well as their posterior variance.
Two firms may form different expectations even if neither of their outlets report on 7, if their
outlets have different reporting functions. This creates further information heterogeneity between
firms based on their media consumption. Second, recent work has suggested that media may also
transmit subjective models as well as information (Macaulay and Song, 2022; Eliaz and Spiegler,
2024). While not considered here, it provides a further reason why the media sector may induce

correlations between information and subjective models.

Selective recall. Following Bordalo et al. (2023) and Gennaioli et al. (2024), firms form beliefs
about the probability of future inflation by recalling previous inflation experiences. Assume that the
bank of experiences that can be recalled is a finite history of inflation realizations {m;_,,}»_,. The
probability of recalling a given past inflation episode is determined by its similarity to the cues that
the firm is exposed to. In Gennaioli et al. (2024), the ‘numerical context’ cue is the current realized
inflation rate. In the model developed here, firms do not observe that current inflation within the
period, but rather observe the noisy signal s;; (). I take this noisy signal as the cue, which gives

the recall probability function

S(sit(me), T—n)

Pr(recall m;_,,|s;(m)) = (132)
et S(si (1), i)
where S is a similarity function, often chosen to be exponential:
S(sit(me), Ti—n) = exp (_(Sit(ﬂ't> - Wtfn)2) (133)
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Firms recall a finite number of experiences, to give them a recalled sample R;. In Gennaioli
et al. (2024), agents form expectations of future inflation by averaging over their recalled sample.
However, to fit with the framework outlined above (especially equation (7)), I instead model firms
using this selectively-recalled sample to form beliefs about inflation persistence X, ,r,. In this
case, the perceived inflation persistence of firm ¢ is the estimated first-order autocorrelation of

inflation over the sample of inflation episodes in R;.

. Zt—neRi Tt—n+1Tt—n

Ximsp1me —
Zt—ne’Ri 7T7527n

where I am assuming that for every recalled episode, the firm recalls the level of inflation, and the

(134)

inflation one period afterwards, so they recall how persistent inflation was in that recalled event.

This naturally raises the possibility of a narrative heterogeneity channel. Firms with precise
signals on 7; (high 7,,,) recall past inflation episodes with inflation close to 7;. Firms with less
precise signals (lower 7;,,) have a greater variance of observed signals, and thus greater dispersion
in their recalled samples. If the persistence of inflation varies over time or with realized inflation (as
found in e.g. Cogley et al., 2010), then these firms sampling from different parts of the historical
inflation distribution will form systematically different Y, ,~,, and thus will extrapolate from
signals in systematically different ways.

A simple example makes this clear. Suppose that firms only recall a single past inflation
experience, and the similarity function is such that they recall the most similar past experience to
their numerical cue s;(m;) with certainty. Furthermore, assume that the support of the history of
available inflation rates is m;_,, € [r—, 71|, realized 7, is also within this support, and the sample
autocorrelation of inflation is increasing in 7;_,.

If the inflation history is dense, then the recalled inflation rate of household i is

T if syp(m) <
T—ny = Sit(ﬂ—t) if 3it<7Tt) S [7T_,7T+] (135)
7wt if s;(my) > 7t

The average recalled inflation for firms with information precision 7;,, is then

(T [7ims) = T+ 0y | =T - a(a) + b(1 — B(b)) + éla) — 6(b)]  (136)

Ti7rt

where a = =", b = ”t;”t ,and ®(-), ¢(-) are the CDF and PDF of N (0, 1).
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When 7; = % the probabilities of hitting either boundary of the available inflation history

47t
2

likely to be constrained by the highest inflation in their memory database, and so E (7,

, firms are more

are equal, and E(m_n; Tim,) = T; independent of 7;,,. However, when m; >

Timy ) < T
The greater the variance of signal noise (i.e. the lower 7;,), the more firms are constrained by the
limits of this database, and so the greater this under-estimation will be. Since we assumed the sample
autocorrelation of inflation increased with the level of inflation, this means that C'ov[7ir,, Xir, +17Tt} >
0. In contrast, when m; < #, the logic is reversed, and Cov;|[Tx,, Xinys1r) < 0. The narrative
heterogeneity channel is therefore state-dependent, as realized inflation affects firm signals, and

thus the distribution of recalled experiences.

Data generated through production. Farboodi and Veldkamp (2025) have recently introduced
models in which firms generate information (data) through production. To model this in our
framework, note that log-linearizing the firm-level demand equation used to derive the Calvo first

order condition (108) implies (relative) production is a decreasing function of relative price:
Yyir — Ve =—v(pie — Fr) (137)

where y;; and Y; denote firm ¢ and aggregate output respectively, and -y is the elasticity of substitution
between firms’ products.

If a firm has a low relative price in period ¢, they therefore produce more, and thus receive a more
precise signal about inflation in the following period. As in the model with media, this introduces
time-variation in signal-to-noise ratios. Specifically, I follow Farboodi and Veldkamp (2025) and
assume that signal precision is linearly increasing in production (i.e. is linearly decreasing in the

relative price), which implies firm 7’s signal-to-noise ratio in period ¢t is:

2
Ir — 2(py— P) =max{d,z* — (py — P)} (138)

T’iﬂ't,t =

2
2 g
ox + :

2(pit—Pr)

where af is constant across firms, z* > 0 is a constant, and § > 0 is arbitrarily close to 0. I focus
here on the tractable case where firms are myopic, so resetting firms do not account for the value

of future signals when choosing prices in period ¢, and the pricing decision is as in equation (108).
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The precision of a firm’s signal in period ¢* is therefore:*?

0 22(pyr — Pr=) = 0.2 - max(0, 2* — (pipr — Pre_1) + (P — Pp_1)) (139)
= UQQ : maX((Sa 24 (Pt* - Pt*fl) - (1 - 5/\)5(1’7'@'%15*715@'15*71(7Tt*71)) (140)

If s« 1 (mp—1) > 0, this is strictly decreasing in x;. If sy 1(m_1) < 0, it is strictly increasing.
The signal-to-noise ratio 7;, ;+ 1s strictly increasing in this precision.

Consider the case where 7«1 > 0, and all y; > 0. The majority of resetting firms will receive
Sit«—1(mp—1) > 0, and will increase prices. Firms with larger Y; increase prices by more than those
with small y;. As a result, large x; firms have less precise information in period ¢* than those with
small y;: there is a negative C'ov;[X;, 7;++|. The reverse would be true if m«_y < 0. Overall, the
narrative heterogeneity channel arises because subjective models affect pricing decisions, which
in turn affects information production. As in the model with media, the narrative heterogeneity
channel produced here is therefore state-dependent.

If firms were not myopic, there would also be a second channel here: firms would set prices
below the within-period optimum to increase the precision of signals in the next period. As discussed
extensively above, the value of precise information is larger for firms with large Y2, so this is also

likely to induce a correlation between x; and information precision.

Heterogeneous price indices. Recent literature (e.g. Kaplan and Schulhofer-Wohl, 2017) has
found that households in particular face highly heterogeneous inflation rates, and so some
heterogeneity in survey expectations may come because households are forecasting their own
idiosyncratic inflation rates. We now adapt that idea to our simple firm model, and show that it can
also generate a narrative heterogeneity channel, even if all agents have rational expectations.
Suppose that each firm ¢ belongs to a sector k, and that each sector faces its own inflation
process, which is a weighted average of past sector-specific inflation and an aggregate i.i.d. shock
u; ~ N(0,02):
The = PrTke—1 + (1 — pe)w (141)

where p;, € (0, 1) is the persistence of that sector’s inflation process.
Firms observe their own sector’s inflation at the end of each period, and receive signals of the
form:
Simpy = Tht + €impys  €imy ~ N(0,07) (142)

“In the second equality I substitute out for the realized price p;;- with the first order condition for the optimal reset
price (108). This is only valid for those firms who reset their prices in period t*, but since those are the firms who
determine inflation in that period they are the relevant firms of interest here.
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The posterior expectation of 7y; after observing this signal is:

Eumie = (1 = Thre) PrTht—1 + Thom, (Tht + €imy,) (143)
where a )2 )
— Pk) 0y,

T T 144

Tk t (1 _ pk)go_g + 0_62 ( )

From this, we see that 7, is strictly decreasing in py, for all p; < 1. This is because greater
persistence in inflation means that in any given period, prior beliefs are more informative, leading
to less reaction to current signals. This heterogeneity in 7., arises even though the precision of
inflation signals is assumed to be equal across sectors.

Moreover, inflation persistence also affects how firms cross-learn from current to future inflation.

It is straightforward to see that
EiThiys = ppEuh (145)

and thus that ., ., = pj, which is increasing in p;. The covariance between Xr,, ., and 7., is
therefore negative. Firms in sectors with less persistent inflation react more to inflation information,
but extrapolate less strongly from current inflation expectations to the future. Responsiveness to
information is therefore concentrated among those who cross-learn the least from it, which is a

narrative heterogeneity effect that weakens the aggregate causal effect of inflation expectations.

Level-k thinking. For this, we switch the setup slightly to facilitate tractability. Specifically, now
assume that the only signals available to firms are on current marginal costs mc;, not inflation. There
is cross-learning from mc, to m;, but no cross-learning to longer horizons. That i, Xir,. .me, =
Ximerysme, = 0 for all s > 0. As in the other cases above, assume there is no public noise in signals.

In this case, the optimal price of a resetting firm is
p;(t - Pt—l - (1 - B/\)[l + XiTrtmct]Timct (mct + Eimct> (146)

This can alternatively be written as a static beauty contest

pi; — Pio1 = (1 = BA)[Eyme, + Eym] = (1 — BA) | Eyme, + (1 — A Ej, /(p;t - Rﬁl)dj:|

(147)

Following Farhi and Werning (2019) and Iovino and Sergeyev (2023), a firm that reasons to
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level O observes their signal about mc,, and updates their expectations of the shock accordingly,
but fails to update their beliefs about the prices of others. That is, they ignore general equilibrium

effects of the shock. The price choice of such a level-0 firm is therefore:
P — Pioi = (1= BA)Eymey = (1 — BN)Time, it (mcy) (148)

A firm that reasons to level 1 realizes that others may react to the shock as well, but do not
reason all the way to general equilibrium. Rather, they assume that all other firms are level 0. In

this case, the optimal reset price is:

pit — Py = (1 — B\ |Eyme, + (1 — N Ey / () — Pt_l)dj} (149)

= (1= BN[14 (1 = X)(1 = BN) Ty Time, Sic(mey) (150)

For the purpose of this example, I stop at & = 1. Letting x* be the Yix,me, of a firm engaged in

k levels of reasoning, we have:
X'=0, x'=1-X(1— BN e (151)

Level-1 reasoners have a strictly greater X;r,m., than level-0 reasoners. If the depth of reasoning
is correlated with the precision of information 7;, then there will be a narrative heterogeneity effect. I
now show that such a correlation arises naturally if firms are able to choose their depth of reasoning,
as in Alaoui and Penta (2016). In the model they develop, agents decide whether to complete an
extra level of reasoning by weighing up the perceived costs and benefits. Specifically, in their
model, two games are said to be cognitively equivalent if they entail the same sequence of actions
as reasoning develops (£ increases). To fit the firm problem into this framework, denote the choice
of Xix,me, as the firm’s action, with pricing following mechanically using equation (146). x° and
x! are independent of all firm-level variables, so framed in this way the problem facing firm i is
cognitively equivalent to the one facing firm j. As a result, the costs of reasoning are the same for
all firms, and the depth of reasoning only differs according to the value of doing so.

Alaoui and Penta (2016) propose a number of functions for the value of reasoning. I demonstrate
the narrative heterogeneity channel for the general ‘expected gain’ formulation from their Example
2, which is a generalization of the form they use for their examples, and is given an axiomatic
foundation in Alaoui and Penta (2022). Adapting it to the firm problem, the value of reasoning to

level 1 is given by:
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Uz'l - /p(X/) [Eit—lUi,t(BR(X/)axl) - EitUi,t—l(X0>X/>} dy’ (152)

where p(’) are weights such that p(x’) € [0,1] and [ p(x")dx’ = 1, U;+(xs, X') is the payoff to
choosing ; when all other firms choose X', and BR(’) is the x; that maximizes E;;_1U; +(x:, X)
for a given . That is, the value of reasoning is the expected utility gain from switching from x" to
the best-response Y;, weighted by the firm’s perceived probability that reasoning will reveal y; = x'.
Reasoning is undertaken before the observation of s; ;, so the expectations are indexed ¢ — 1.

If x; = x’ for all firms j # ¢, the optimal price is (from equation (147)):
pi— P = (1= BA) 1+ (1 = A) (1 = BA(L + X) e, Time, si(mee) (153)
The best-response x; is therefore:
BR(X") = (1 = M) (1 = BA) A + X) Time, (154)

Following the steps used to compute indirect utility in the rational inattention case above, the

value of reasoning to level 1 is:
ol = (1= BN = 0208 i, | P01+ XV (155)

The value of reasoning is therefore linearly increasing in 7;,,.,, whatever perceptions p(x’) the
firm holds. If we further assume that all firms use the same p(’) when evaluating the benefits of
reasoning (as in Alaoui and Penta, 2016), then there exists a threshold 7* above which firms decide
to reason to level 1, and below which they do not. This implies that high 7;,,., is associated with

high Xir,me,» SO the narrative heterogeneity channel is positive. Formally:

COUI[XimmctaTimct] = QXOTf + (1 - Q)X17+ - 7_'(CIXO + (1 - Q)Xl) (156)

*

where ¢ is the proportion with 7;,,., < 7*, and 7~, 7" are the average 7;,,., conditional on 7;,,., < T

and 7., > 7" respectively. Simplifying, this becomes:

COUI[Xiﬂtht7TimCt] = _Q(l - Q)(TJF - Tﬁ)(XO - Xl) >0 (157)

Intuitively, firms with more precise information on shocks have more to gain from understanding

how to use that information, and so they will choose a higher k£ than firms with less information.
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Information is therefore concentrated among firms with large Xz, mc,-

C Mapping RCT estimates to the Calvo model: details

C.1 Proof of Proposition 9

Denote the treated variable as z,, and order it last in the vector z. Since M is upper-triangular
with zero diagonal, the last row of M is identically zero, meaning there is no cross-learning fo z,

from other variables. The prior for z,, therefore depends only on the agent’s pre-experiment signal:
B (2,) = Tinsir(20) (158)
From equation (37), the posterior for a treated agent is:

EZOSt(Zn) _ 7_RC’TSRC’T + (1 _ TRCT)EZTior(Zn) (159)

in n
so the revision in expectations of z, is:

Ni = BB (z) — EX (2) = 72T (sROT — B (2,)) (160)

n
For any other variable z; with 7 < n, the expectation is determined by the system:

Eit(zj) = Tijsit(zj) + (1 — Tij) Z szkEzt(zk) (161)
ki
which follows from combining equations (7) and (8). When moving from pre-experiment priors to

posteriors, the only change is that 2" (z,) in the prior is replaces by E"***(z,). This implies:
Aij = XignDin = XagnTin* (" = B (2,)) (162)

where Y, is the (j,n) element of the cross-learning matrix x; = (I — (I — 7;)M;)~" from the
prior system (equation (10)).
To verify (162), partition x; ' = I — (I — 7;) M, into blocks corresponding to the first n — 1

variables and z,,:

(163)

1 ]n—l - (In—l - Ti,<n)Mi,<n,<n _(In—l - Ti,<n)Mi,<n,n
Xi = o 1
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Where T; ., represents the upper-left (n — 1) x (n — 1) block of the diagonal matrix 7;, and
M ; <, < is the corresponding block of M ;. The last row is (0, 1) because the last row of M

contains only zeros. Since x; * is block-triangular, inverting it yields:

(Infl - (Infl - Ti,<n)Mi,<n,<n)_1 ([nfl - ([nfl - Ti,<n>Mi,<n,<n>_1<[n71 - Ti,<n)M’i,<n,n

Xi = o 1
(164)
Now, subtracting the prior from the posterior version of (161) for all j < n simultaneously:
Ai,<n = (In—l - Ti,<n)Mi,<n,<nAi,<n + (In—l - Ti,<n)Mi,<n,nAin (165)
Solving:
Ai,<n = (]n—l - (In—l - Ti,<n)Mi,<n,<n)_1<]n—1 - Ti,<n)Mi,<n,nAin (166)

Comparing with (164), the coefficient on A;, is precisely the last column of x; (excluding the
bottom entry of 1), confirming A;; = x;jn Ay, forall j < n.

Normalization. The ‘everyday’ signal on z, received before the experiment has the form in
equation (15): s;(2,) = 2n + €nt + Eint, Where &, is public noise (common across agents) and £;,,;
is idiosyncratic noise, mean zero, with variance o? that may vary across agents. The experimental

signal takes the form s%¢7 = z,, + £B¢T or

, where £7°“7' is independent of ¢,,;. Since the linearization
point of the model has not been specified, we normalize z,, + ¢,, = 0. This is equivalent to
linearizing around the average prior belief about the treated variable z,, as long as at least one agent
has 7;, > 0.** Since the model is linear, this normalization does not affect any equilibrium objects.

Under this normalization:
prior _ ~ RCT _ _RCT
Eit (Zn) = Tin€int, S =£ — Ent 7& O (167)
and the revisions become:

Ain - TiRCT(eRCT — Ent — Tingint) (168)

Ajj = XijnTz‘ﬁCT(ffRCT — Ent — Tinfint) (169)

“Before the normalization, the average prior is E¥"**"(2,) = 7,(2n + €n¢). Since 7;,, € [0, 1], if one agent has
Tin > 0, then 7, > 0, and EY"*°"(2,,) = 0 (i.e. average priors are at the linearization point) requires z,, + ¢ = 0.
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Note that &;,,; is mean zero and independent of all agent characteristics (Xjn, Tin, THCT o?) by

in 7

assumption.

Part (i): Wald estimand. Using only D;; as the excluded instrument, with E7""(z,) as an
included exogenous control, the IV coefficient is the Wald estimand. By random assignment, D;; is

independent of all agent characteristics and priors, so:

waa _ EilBR™ (2)) | Dy = 1] — Ef[E™ (2) | Dij = 0] _ Ef[A]

1
1,5 08 05 - (170)
H Ei[Ef(20) | Diy = 1] = Ei[E™ (z) | Dy = 0] Ei[Aq]

where the E7""(z;) and E}"" (2, ) terms cancel because they are identically distributed in treatment
and control by random assignment.

Evaluating the numerator and denominator using (169) and (168) respectively, the terms in

efCT — ¢ — Tinine cancel, giving:
RCT ; RCT
Watd _ Ji XianTin© di Tin g (171)
g T ~RCT = [ XiinZgeT
n 7 n

Setting 7 = Y and n = w4, gives equation (38).

Remark on normalization. The derivation of (171) relies on the normalization z,, + ¢,; = O.

As discussed above, this is equivalent to taking the linearization of the model about the average

Wald
l?j

expectations, for shocks arriving when prior beliefs are in steady state. Without this normalization,

prior belief on z,. In other words, ~ is helpful in identifying the causal effect of shocks to

equation (171) becomes:

Wald __ (fl XU”Tz’]zCT dZ) (SRCT - Eg}rior(zn» - 7_-n_1Efrior<zn>COUI [XijnTiﬁCT7 Tm} (172)
Mo TROT (SROT — FP™*" (2,)) — 7 LEP™' (2,,) Covy [TROT 7]

wm

In the particular exercises conducted in Section 4.2, we only require this normalization for
expectations (and signals) of 7,1, even for the general equilibrium exercises where responses to 7
enter the calculations. This is because we assume 7;;, = 1 for all agents, and thus the covariance
terms in (172) equal 0 without further normalization. However, if this assumption is relaxed, then
interpreting RCT estimates in general equilibrium would require assuming that the shock hits when
priors on all treated variables (in this case both 7, ; and 7;) are at steady state.

An alternative approach could be to relax this normalization using other information available

RCT __ E_ufrior(zn)

from the RCT. We can, for instance, observe 7“7 from equation (35), and s
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from the priors stated by survey participants before any information treatment (and the treatment
design). Theoretical work such as Mackowiak and Wiederholt (2024) could provide discipline

for Covr[TET 7;,]. Using these, and perhaps some changes to RCT design, it may be possible

m

inTBCT di . . . . . .
to infer W without the normalization imposed here. This could be a fruitful avenue for
future research, especially for interpreting RCTs aimed specifically at comparing between different

baseline environments, such as e.g. Weber et al. (2025).

Part (ii): 2SLS with both instruments. Using both D;; and D;; - Eﬁ”m’(zn) as excluded
instruments, with Eﬁmr(zn) included as an exogenous control, the 2SLS coefficient is computed
(by Frisch-Waugh—Lovell) after partialling out the included exogenous variables (1, EZ""(z,))
from all quantities.

To simplify notation, define p; = E*(2,) = Tinéint and 6; = Ay, = 7HECT(sBT — 1 8i0).
The first stage projects X; (the residualized endogenous regressor) onto the residualized excluded

instruments. Since D;; is independent of p;, the residualized fitted value takes the form:

~

where §(p;) = co + c1p; is the best linear predictor (BLP) of d; given p;. After partialling out
(1, p;) from the dependent variable, the only component correlated with D;; is D;;x;,0; (by random

assignment). The 2SLS estimand is therefore:

~

25LS Ef[é(pi)Xijn(Si]
T = x
EI[CS(Pi)CSi]

Computing the BLP. The slope of the BLP is ¢; = Cov(d;, p;)/Var(p;). Using E;[&;,] = 0 and
the independence of £;,,; from agent characteristics:

(174)

Er[0ips]) = Er[rET (s%T — 138 int) Tinfint] = —Er[7HCT 72 07 (175)

E;[p?] = Ef[r207] (176)

n1

Since E;[0;] = sBCT7ECT and E;[p;] = 0 under the z, + &,; = 0 normalization, we have:

B, [7ROT 2 52
. EI [Tm Tin0; ] RCT7—_RCT (177)

C1 = Ch = S
' Eq[r507] ’ "
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Evaluating the numerator and denominator. The remaining required moments are:

Ei[Xijndi] = s Er[xinTii "] (178)
Ey [piXijn5i] =-L£ [Xij”TiiCTTz?no-iQ ] (179)

Substituting into (174):

Ey [5(pi)Xijn5i] = oy [Xijn(;i] + ol [piXijn(Si]

E[TECT 12 o2

= (") R T Erlxinin ") + E/[2o?] LBy i 0l (180
Ep [S(Pz)fsz] = coEr]0i] + 1 Er[pidi]
_ Ep [TiﬁCTTiQno-iz ] ’
_ (SRC’T)2(TTIL%CT)2 + ( EI[T2 02] ) (181)
Dividing (180) by (181) and rearranging:
Eq[XijnTh" B[ ECT 72 52
2SLS __ w - I[X_] Tin ] + (1 . w) . I[X inTin Tznaz] (182)
Lj FRCT Fr [TRCTTz 02]
Where RCT\2(=RCT\2
w= ) ) - €(0,1) (183)
(sRCT)2(7RCT)2 4 (Erlriirhotl)
n Eq[t? 0?]

m- 1

The first component of (182) is the Wald estimand from equation (171). The second component

is a weighted average of y;;, with weights proportional to 72772 02, which arises from the

m- 1

interaction instrument’s exploitation of the noise-driven covariance between priors and revisions.

Clearly, as (s"°")? — co, w — 1 and 775%% — 41", To go further, we can write the weight
w as
-t 184)
YTIYF (
where
o (BT’ -
(sRET)2(TRCT )2 Er[r],07]
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Since 7T € [0, 1], we can bound F from above with

. (Bl Eylr},o?
F< (sRCTY2(FRCT Y2 [ [72 5] - (sBCT)2(FRCT)2 (186)

Moreover, since 7;, € [0, 1], we can simplify the bound further, to

P < Ei[o7]
— (SRCT>2(7—-RCT)2

(187)

(sRCT)2 = (cRCT

Therefore as — &n¢)? becomes large relative to E;[o?], I approaches 0, and w

25

approaches 1, implying 77" jLS — yff/jald. This proves the final statement in Proposition 9.

. . . . . . . . . QSLS ~ W ld
Example calibration. Since the application in Section 4.2 uses the approximation 7777 ~ v, ;"%
it is helpful to get a sense of how close this approximation is in this context. From the estimates of

equation 35, we have that 77T = (.53. We then have:

1 - .

RCT _ RCT _ _raw prior
€ — e =2pt¢ — Zy—Ep =8 _fRCTEt (zn)
n

1
=28—- — 83 =—-8.2 188
8 053 X 5.83 8 (188)

where s"*" is the un-normalized signal given to the treatment group in the survey, calibrated to 2.8
using the survey design (i.e. the survey participants were shown a forecast that 7,1 would be 2.8%).
EP""(2,) = 5.83 comes from the pre-treatment summary statistics.

For the bound in (186), we now just need to calibrate E;[72,07]. For this, we can use the

m- 1
dispersion of point forecasts: the variance of E?*" (7,,,) is reported in Baumann et al. (2024) as

2.952. Using equation (158), this can be expressed as

VCW“] [E,Zrior (7rt+l)] = Va/r.[ [Tiﬂt+1 (T{-t+l + €7l't+1 + giﬂt+1t)]
Eg)m’m“ <7Tt+1)

T7Tt+l

_ (Eg)rior<ﬂ_t+1)

Trita

= Va’,r] M4 + Tiﬂ't+18iﬂ't+1t

2
) Vari[Ting ) + Vari[Tir,  Einpirt] (189)

where the final equality uses C'ovr[Tix,, ; Tir, ;1 Eimei1t] = 0 because &, ,; is mean O for all 7, .

Expanding the second term, we have

~ . ~ 2 ~
VCLT[ [Tiﬂt+1€iﬂt+1t] = EI [Tz%rt+18127rt+1t] - (EI [Tiﬂt+1€i7rt+1t]) = EI [Tz%rt+1€z‘27rt+1t] (190)
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Employing the law of iterated expectations, this becomes

~ 2 X2 2 2
VCW“[ [Tiﬂt+15iﬂt+1t] = EI [EI [Tiwt+18i7rt+1t‘7—i7ft+1” = EI [Tiﬂt+10i] (191)

While this is the object of interest we wish to calibrate, equation (189) makes it clear that we
cannot do that from the variance of prior point estimates, as the cross-sectional variance of 7, ,
contaminates the mapping. We can, however, make further progress if we impose for this indicative
calibration that agents follow Bayes rule in forming their prior beliefs, and all uncertainties are

Gaussian. In that case, we have

2

g
o Tt41
Tim = 3 +o02  +0? (192)
Tt+1 ETt41 7

2

2 . . .
where o7 | is the variance of 7, before any signals, and o7, |

is the variance of the public noise

€m,.,¢- Rearranging this we obtain

1—m
2 _ 2 M 2
0; =0x, ( ‘ O (193)
Times1
2 2 2 _ o 2 2
Tiﬂt+10-i - O-Trt+17—27rt+1 (1 TZWH—I) TiTrt+1O-€7rt+1 (194)

which is maximized, giving the most conservative bound for £ in equation (186), when there is no

public noise (meH = 0). In this case, we have

Var; [Tiﬂt+1éi7rt+lt] = Lk [Ti27rt+10-i2] = 0-72rt+1 (7_—7|'t+1 - 7__7%,5“ — Vary [Tiﬁt+1]) (195)

where the final equality uses the definition of a variance to substitute out for E;[7;%, . Substituting

this into equation (189), we obtain:

B (i)

Tt

2

Va?ﬂ[ [Tiﬂ-b}—l] + 0—721’t+1 (/77—7rt+1 - 7i - Va’rl [Tiﬂt+1])

Var[EV" ()] = .

(196)

Var] [ngrior(ﬂ-t+1>] - O-ng_l (7_—7rt+1 - 7_—2 )

= Vary|Tin,.,| = — ilas (197)
I[ + ] (Efrzor(ﬂt+1)>2 B 02
7__"“t+1 Tt+1
2.95%2 — 3.1 .53 — 0.532
_ 295" -3 ><2(0 53— 053) o (198)
28)" —3.1
(0.53

85



where for the last equality I assume that average information use before the survey is similar to

h -~ _ ZROT _
that within the survey, so 7, , = 7.7 =

12-month Euro-area HICP inflation rates over Jan 1997 - May 2023 (the month before the survey

0.53, and I use 0'72rt+ = 3.1, which is the variance of

1
was run). Substituting this value into equation (195), we obtain:

Eq[rh. . 07] =3.1x (0.53 —0.53° — 0.067) = 0.564 (199)

141 )

which in equation (186) implies F' < 0.03, or equivalently that w > 0.97. This suggests that the

approximation of 77555 & ~}"# is likely to be reasonable in this application.

C.2 RCT-implied calibration

Figure 1: abstracting from marginal cost cross-learning. Estimating equation (35) with priors
and posteriors of 7,1, and the treatment on m,,; only, gives a coefficient of lAvm o = —0.53,
significantly different from O at the 1% level. In our model, that translates to fz Ximpiimpis Timeq A8 =
Tren = 0.53, where the first equality uses the fact that x;;; = 1.

Estimating equation (36) with E;,7m 3 as the dependent variable, and instrumenting /%7,
with the 7, treatment only, gives an estimated vy r,,, of 0.74. Doing the same with Ej;; ;5 as the
dependent variable gives an estimated 7, ., of 0.77. Both of these coefficients are significantly
different from O at the 1% level.**

To adapt these estimates to the particular model set out in Section 2, we need to take two steps:
first, interpolate between estimates at different horizons to get the total effect of a given signal on
inflation at horizons ¢ + 2 and ¢ + 4, where there are no estimates available. I use a simple linear
interpolation, so e.g. V1 e, = 0.5(717,@+1 + ’y1,,,g+3).

Second, the estimates refer to annual inflation, while the model is expressed in terms of
cumulative inflation since period ¢ — 1. We therefore sum them up to get the relevant coefficients
for aggregate expectations updating.

To see why we need to sum, notice that inflation in the survey is given as net annual inflation:

P s P s— P s
Ty =~ ~log | 5 (200)
Pt-l-s—l t+s—1

#Using the 7; treatment only these coefficients are 0.16 and 0.08 respectively, and neither is significantly different
from 0. For this reason we set cross-learning from m; to future 7y to 0.
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Cumulative log inflation (as in the model) is therefore given by:

P, S
Ties = log (P”i) = log (H Lm ) Z T (201)
t_

P,
m=0 t+m—1

Any change in cumulative inflation is therefore equal to the sum of changes of annual inflation at
all periods between now and the relevant horizon. With these adjustments, the coefficients implied

by the Baumann et al. (2024) experiment are presented in Table 3.

Table 3: Response-weighted cross-learning parameters implied by Baumann et al. (2024), mapped to the
Calvo model.

Model object m, signal 7, signal
_;gilal period ( Xt signal period signal penod) di 1 0
7. ;gilal penod (X m4+1,signal period Tsignal perlod) di 1 1
ngnal period Z (X T¢42,signal period Tsignal perlod) 1 1.870
Ts1gna1 penod (X m+3,signal period 7signal period) di 1 2.610
7—51gnal period J; (X T¢+4,signal period Tsignal period) di 1 3.365
7—smnal period (X Tt+5,signal period 7signal period) di 1 4.135

Note that O cross-learning from 7; to future per-period ', implies a cross-learning to future
cumulative inflation of Xr,,,~, = 1, and so the ‘m; signal’ column contains only 1s. The O in the
first row of the ‘w1 signal’ column reflects the assumption discussed in the main text that there is
no cross-learning from 7, signals back to 7, in line with the literature that focuses on forward
rather than backward passthrough of inflation expectations (e.g. Armantier et al., 2022).

In principle, we could extrapolate to parameters further into the future, but I will cut off firm

planning horizons at 5 years here, for this and the two benchmarks.

Including cross-learning to marginal costs. Baumann et al. (2024) Table 8 contains results from
estimating equation (36) for Y; € {1-yr-ahead expected wage, non-wage costs, employment}. To
go from those variables to the marginal cost that enters the model, we need to specify the firm’s
production function, before then applying the temporary-information equilibrium approach. For

simplicity, I specify the following production function:

Yir = min (ﬂ E) (202)

Qp Oy
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where labor n;; and other inputs z;; are perfect complements, so the optimal factor ratio is

7 o
it T (203)
Lit (o7
In this case, real marginal costs are given by
Wy Pzt
me; = op— + 0 — 204
t nB x Pt ( )
where w; is the nominal wage and p,; is the price of z;;. Log-linearizing we obtain
me; = apWwy + &xpmt - (&n + &x)Pt (205)
where
o wSS o SS
Gp=—W 5 = Gl (206)
QW 4 0 P3° QW + 0Py’

are the steady-state shares of labor and other costs in marginal costs. Since this model features a
constant marginal cost, these are also the steady state shares of labor costs and other costs in total

costs. The average update to expected marginal costs after a m;; signal is therefore

dFE; _ dE; _ dEup, dFE;
tTMCey1 — G, tWi+1 ta, tPat+1 tT41 (207)
den, der, der, der,
= (aniwt+17Tt+1 + dxxipmt+177t+1 - 1) Timia (208)

J/

Exi7nct+1 T4l
where I have used the observation that &,, + &, = 1, the definition P, = 7, + P,_,* and the
fact that P;_; is fixed as it was determined before the shock.

The scaled average effect of a 7,1 signal on mc,; expectations can therefore be computed

$Recall that T4 is defined as the cumulative inflation Py — P;_; in this model.
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from Baumann et al. (2024) Table 8 as*®

Tin . ~ ~ Tir .
/Ximct+1ﬂt+1 —t“ di = /(anxiwt+1ﬂt+1 + Ay Xipgey1meer — 1) ?Hldz (209)
7 Tt+1 7 Tt+1
=, X ARTIE + (1 - dn) X NMpots1 — 1 (210)
= —0.4538 (211)

where for the final equality I have assumed that the labor share of total costs is &,, = 0.58. As this
data is not available for the Euro area , this is taken from the 2023 measurement for the US.*” On
average firms therefore decrease their real marginal cost expectations when they learn of higher
future inflation. This is because the positive updating found by Baumann et al. (2024) is over the
components of nominal marginal costs, and those updates are dominated by the increase in inflation,
causing real marginal cost expectations to fall.

One could in principle extrapolate from this to cross-learning about marginal costs at longer
horizons, but in the absence of estimated effects on cost expectations at other horizons I assume that
all cross-learning beyond the horizon one year is zero. Allowing for the cross-learning from 7, to

mcy41, the partial equilibrium effects of (1) are therefore given by

Tir .
QPE(’/TtJrl) - QPE(WbH : XimcH_lﬂH_l = 0) + (1 - )\)<1 - 6)\)5>\ /Ximct+17rt+1 - _t+1 di (212)
[ Tt4+1
where QP (711 Ximersam., = 0) denotes the partial equilibrium effect calculated in Figure 1a
under the assumption of no cross-learning to real marginal costs. The general equilibrium effects
can then be calculated from this using equation (16). Since I am assuming no cross-learning from

7, to marginal costs, the Q% (7;) term in equation (16) is unaffected.

C.3 The share of fundamental shock transmission due to expectations

Following the strategy in Proposition 4, we now compute the share of the general equilibrium
transmission of a fundamental shock that can be attributed to inflation expectations, for the RCT
data and both benchmarks (perfect foresight and rational expectations). Since we are assuming

Tr, = 1, these shares for an 1.1.d. mc; shock would just equal the partial equilibrium effect of

46Using the 7, 1 treatment as the only instrument, this table reports that Mywes = 090 and yq 5, = 0.29, both
significantly different from O at the 1% level. The corresponding estimates using the 7, signal are -0.47 and -0.06,
neither of which are significant at conventional significance levels, further justifying my assumption of no cross-learning
from 7, to future variables.

41 Available at https://fred.stlouisfed.org/series/MPU4900141.
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a Et(ﬂ't) shock (equation (21)). We therefore opt instead to consider a news shock: firms learn
in period ¢ of an exogenous increase in mc;; 1. This demonstrates the flexibility of the approach
developed here.

With this shock the transmission channels are more numerous. Once period ¢ + 1 arrives, the
increased marginal costs will imply inflation above steady state, as described in equation (20). In
period ¢, firms therefore not only learn that mc;; will be above steady state, their signals about
m+1 also endogenously increase. Even without cross-learning from marginal cost expectations
to inflation expectations, there is therefore an increase in expected future inflation, which has
cross-learning effects on inflation expectations at other horizons. All of these forces contribute to
the increase in 7;, which in turn has general equilibrium feedback effects through s;;(7;).

Formally, we model the news shock by assuming that 7., = 1.** We also assume that
marginal costs are i.i.d., so there is no cross-learning from the news about future marginal cost to
expected marginal costs at any other horizon, or to expected inflation. Differentiating equation (11)

with respect to mc;; with these assumptions implies

dﬂ't
dmcg

dm dm
= (1 =M1 =B\NBAN+ 7,  QFF O QPE ()T 213
( J(1 = BXN) BN+ T U7 (T 41) e + () p—— (213)

where we have also used our recurring assumption that 7;, = 1.
Next, from equation (20) we have

dme,  dme 1 —QPE(m,)

where it is QP (r;), not QFF (7, ;) that matters because by the time period ¢ + 1 arrives, the
shock will be contemporaneous, so it is the effect of a contemporaneous shock that determines the
contemporaneous inflation rate —i.e. m .
Substituting this in to equation (213) and rearranging, we find
dre (L= N1=BNBA | (L= AL BN T, QP (m)

dme 11— QPE(x,) + (1— QPE(r,))? (215)

We define the share of this overall transmission that is due to expectations as in equation
(21). The counterfactual shock transmission is computed assuming firms only observe the mc;
signal, with no updating of any other expectations. Thus this calculation gives the share of shock

transmission due to expectations of inflation specifically, as marginal cost expectations are the same

“8Note that this shuts off cross-learning from other variables to mc;; by default (see equation (10)).
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in the overall effect and the counterfactual.
This counterfactual with no response of inflation expectations is found by setting Q77 (;) =

OFPE(m,1) = 0, at which point

dﬂt

dmenms| o (L =A)(1=BA)BA (216)

~E

Using these expressions, we calculate the share of the shock transmission to 7 that is due to the

response of inflation expectations as

dTCt _ d7rt
dmecyr - dmeity A1 — QPB(m,))?
il S Bpé () — 217)
dmc;rl ﬁ/\(]‘ - Q (ﬂ-t)) + T7Tt+1Q (ﬂ-t—l—l)

To construct each line in Figure 6, we replace Q7% (7;) and QPP (7, ;) with values calculated

using equations (12) and (13) and the relevant calibrations of x; and T;.

Figure 6: Share of transmission from a mc¢.1 news shock to 7; due to the adjustment of inflation expectations,

comparing RCT estimates to benchmarks
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Note: Figure plots the share of the transmission of a mc;1 news shock that is due to the endogenous response of inflation expectations in the Calvo
model of Section 2, for calibrations based on perfect foresight, rational expectations, and the RCT results of Baumann et al. (2024) (detail in
Appendix C.2).

At A = 0.2, the share of the shock transmission due to the dynamics of inflation expectations

is just over 2.5% smaller in the RCT calibration than in the rational expectations benchmark. At
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A = 0.5, this is 7%. However, the dampening of the share under the RCT calibration is not
monotonic in A: for very sticky prices (A > 0.89) the effect even changes sign, with marginally
greater shares attributable to expectations under the RCT calibration. This sign change occurs
because the RCT results imply no cross-learning from 7; to longer horizon expectation, while
under rational expectations this is driven by the same AR(1) coefficient as the cross-learning from
m4+1. This means that when prices are rather flexible, and short-horizon expectations drive the vast
majority of pricing decisions, the mc;;1 shock entails a smaller reaction in the most important
expectation horizons than is generated with rational expectations. Of course, even the limited
short-horizon cross-learning in the RCT calibration is stronger than seen under perfect foresight,*’
so the transmission due to expectations is larger than the perfect foresight case at all levels of price

stickiness.

C.4 Allowing for 7, cross-learning

Figure 7 reproduces Figure 1b, except that we do not abstract from cross-learning from 7; to other
variables, but rather use the (insignificantly different from 0) point estimates from the Baumann
et al. (2024) experimental treatment that uses information on 7; to create exogenous variation in
expectations. The point estimates of ;,Y in this case for Y € {n} 4,77, 5} are 0.16 and 0.08.
Using the same linear interpolation and aggregation strategy outlined in Appendix C.2, this implies
replacing the ‘m; signal’ column in Table 3 with [1,1.72,2.16,2.32,2.44,2.52]". T compute these
causal effects with and without cross-learning from 7; to mc;;: the relevant coefficients from
Baumann et al. (2024) Table 8 are v, 4, ,, = —0.06, 71 p,,., = —0.47 (both insignificantly different
from 0), implying fz Ximct+17rt%di = —1.2322.

Without marginal cost cross-learning, including the response of longer-term inflation
expectations to perceptions of 7, has only a small dampening effect on the causal effect of E,m,
in general equilibrium. The dampening occurs because the only sizeable cross-learning from 7,
is to expectations of 7,1, and this causes a rescaling to ensure the aggregate [, rises by 1
unit. With marginal cost cross-learning, the dampening is more substantial, because the estimated
response-weighted effect of the 7, signal on expected future wages and (especially) other costs is
negative. Increased perceptions of 7; therefore on average cause a more than one-for-one decline in
expected real marginal costs, which reduces firms’ desired price increases. However, these negative

effects are imprecisely estimated, and not significant at conventional significance levels, which is

#Specifically, the lack of cross-learning from 7; in the RCT calibration refers to O cross-learning in per-period
inflation rates, implying a cross-learning from 7; to 7,1 s when expressed in terms of cumulative inflation rates of 1. In
perfect foresight, these parameters are 0, as per the discussion in Section 2.
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Figure 7: General equilibrium effects of a shock to sy, ,, comparing baseline RCT estimates to an alternative
including 7; cross-learning
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Note: Figure plots (in black) the general-equilibrium causal effects of an increase in Eym; 1 in the Calvo model, following the formulae in
Propositions 2 and 3, and a calibration derived from the estimates in Baumann et al. (2024). The blue lines plot the equivalent for an alternative
model allowing for cross-learning from ¢ to other expectations, using the insignificant point estimates from the relevant regressions in Baumann
et al. (2024). Solid lines exclude cross-learning to marginal costs, dotted lines include it.

why I abstract from them in the main analysis above.

C.5 Alternative general equilibrium assumptions

Figure 8 reproduces Figure 1b, except that in all lines the partial equilibrium effect is the one
computed using the RCT results, but the general equilibrium feedback is taken from different
assumptions on expectations. This deliberately inconsistent calculation highlights how RCT results
are important for the intercept (i.e. general equilibrium feedback) as well as the direct effect of

interest.

Other models as benchmarks. Recall that the equilibrium New Keynesian Phillips Curve cannot
reveal the causal effects of inflation expectations because expectations there simultaneously cause
and are caused by dynamics of other variables. The same is true if we attempt to compare different
models of expectation formation by studying equilibrium conditions. If, for example, a particular
model implies a reduced link between inflation expectations and realized inflation, we cannot tell if
that is because expectations have been made less responsive to inflation, or if their causal effect on

inflation has been reduced.
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Figure 8: General equilibrium effects of a shock to sy, ,, comparing RCT estimates to alternatives with
general equilibrium effects from other benchmarks

0.6 T T

S 05¢L b
o
<
)
S
s 0.4 r .
E
RS
£

I 0.3 A b
K £
®© &)
< )
-o(—)' 02 ™ \') -
o >
= N
[} \3
L
O ot1r GE effect from RCT i

- - - = GE effect from Perfect Foresight
- GE effect from Rational Expectations
0 Il Il Il Il
0 0.2 0.4 0.6 0.8 1

A

Note: Figure plots (in black) the general-equilibrium causal effects of an increase in Etm+1 in the Calvo model, following the formulae in
Propositions 2 and 3, and a calibration derived from the estimates in Baumann et al. (2024). The red and blue lines replace the true calibrated
general-equilibrium feedback effect with the equivalent calculated using the perfect foresight and rational expectations calibrations (detail in
Appendix C.2).

The temporary-information equilibrium approach therefore offers a structured way to disentangle
why certain models have different implications from one another, and to assess whether they match
the equilibrium implications of RCT evidence. I provide an example here, re-computing Figure 1
for diagnostic expectations (Bordalo et al., 2020) and inattentiveness (Gabaix, 2020).

In Gabaix (2020), expectations of a variable ;. are given by
Eyxip, = th:37t+h (218)

where E;x;. is the rational expectation of x,,, formed with information on all variables realized
up to period ¢, and m € [0, 1] is a parameter governing the degree of inattentiveness. The first
implication of this setup is that when h = 0, inattentiveness has no effect on expectations. That is,
inattentiveness does not affect the mapping from observed information on a variable x; into beliefs
about z;. It only affects how that information is used to form beliefs about ;. Inattentiveness
therefore affects cross-learning from x; to x;, but not the information matrix 7.

Specifically, we will restrict ourselves here to cases with no cross-learning to or from marginal
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costs. The inattentiveness case can therefore be summarized by

1A _ s. RE
Xiﬁ{‘+s7'rg =m Xi7r21+s7rf (219)

where YR, is the cross-learning from annual inflation 7¢ to annual inflation 7%, . We specify
I (TE t t+s

this in terms of per-period inflation to fit with the specification in Gabaix (2020). Translating this to

the cumulative inflation used in our model, assuming that Xﬁ% - = p°, 1s achieved by setting
A _ 1= (mp)**! (220)
M4t 1—m P

The second model we consider here is diagnostic expectations, as in Bordalo et al. (2020). In

this model, if x; is an AR(1) process with persistence p, we have

Eyxip, = PhEz't$t = ph ((1 + 9)20—?:23%(%)) (221)
oz + 0z,

where 6 is the degree of diagnosticity, s;;(x;) is the (noisy) signal observed about z;, 2 is the
variance of z;, and ng is the variance of the noise in s;(z;). In this case, the departure from
rational expectations operates solely on the way in which agents map from direct signals on x; into
expectations of z;. It therefore affects 7; (the direct response to signals) and not x; (cross-learning
across horizons). Specifically, diagnostic expectations imply 7; is multiplied by 1 + 6, so for 6 > 0
agents overreact to news.

Figure 9 plots the partial and general equilibrium effects of (1) in each of these models,
alongside the effects under rational expectations and the RCT benchmark. For the calibration, I
set m = 0.8%, converting the quarterly firm-inattention calibration recommended by Gabaix (2020)
to annual frequency. I set § = 0.37, the average of the results from the two methods employed by
Bordalo et al. (2020) to estimate # in the context of CPI inflation expectations (taken from their
Table 4).

Inattentiveness generates similar results to rational expectations, with a small degree of
dampening relative to that benchmark in both partial and general equilibrium. The dampening is
proportionately larger at higher A\, when longer-horizon expectations are more important for current
pricing.

Diagnostic expectations are identical to rational expectations in partial equilibrium, because
the only difference to rational expectations is in 7, ,,. When we scale the shock to ensure a unit
response of F; (1), we therefore cancel out any effects of diagnosticity.

However, in general equilibrium diagnostic expectations deliver radically different results from
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Figure 9: Partial and general equilibrium effects of a shock to sy, ,,, comparing RCT estimates to rational

expectations, inattentiveness, and diagnostic expectations.
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Note: Figure plots the partial- and general-equilibrium causal effects of an increase in £y 1 in the Calvo model, following the formulae in
Propositions 2 and 3, and a calibration derived from the estimates in Baumann et al. (2024) (detail in Appendix C.2). This RCT calibration is
compared to calibrations based on perfect foresight, rational expectations, inattentiveness as in Gabaix (2020), and diagnostic expectations as in
Bordalo et al. (2020).

the other models and from the RCT results. The over-reaction to news generated by diagnostic
expectations makes general equilibrium feedback effects more powerful, as any increase in 7
is met with a further round of over-reaction, entailing even more 7, response. This creates
powerful strategic complementarities in price-setting. As price stickiness falls from A = 1,
general equilibrium effects grow in all models. The extra complementarity induced by diagnostic
expectations means that as A\ falls the causal effects of expectations grow more rapidly with
diagnostic expectations than they do with rational expectations. At sufficiently low A, the strategic
complementarities become so strong that an increase in £, (7;) generates a greater than one-for-
one response in 7; (i.e. 7, Q% () > 1 in the denominator of Proposition 3), implying that in

equilibrium greater £ (7;,,) must in fact be met with a decrease in 7,.

D Empirical Appendix for Section 5.1

D.1 Defining the direct information indicator in the IAS

The full set of questions used to construct the information dummy is set out below, along with the
dates at which each was asked and how the answers are mapped into the information indicator used

above. Note that my question numbering differs from the labels in the IAS microdata, to aid the
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logical organization of the paper. All of the questions were only asked in the first quarter of the
year(s) indicated. In the main exercises I exclude questions 2e and 2g from the total information
variable, to ensure that there are no periods in which two questions are asked. I remove these
rather than the short run questions in those periods to keep the majority of questions as short run
expectations. The results are robust to including these extra questions. See Appendix D.3 for this,

and robustness checks with other variations in the definition of the information indicator.

Question 2a What were the most important factors in getting to your expectation for how prices in
the shops would change over the next 12 months?
Please select up to 4.
How prices have changed in the shops recently, over the last 12 months
How prices have changed in the shops, on average, over the longer term i.e the last few years
Reports of current inflation in the media
Discussion of the prospects for inflation in the media
The level of interest rates
The inflation target set by the government
The current strength of the UK economy
Expectations about how economic conditions in the UK are likely to evolve
Other factors

O % NS RAR WD~

~
S

None

We can divide the possible answers into four categories. First, options 1 and 2 concern past
experienced price rises. Options 3 and 4 are direct information about inflation. Options 5-8 concern
other macroeconomic variables, either current or expected, and options 9 and 10 are extras. A
rational household may well use the information sources in options 1,2 and 5-9 to forecast inflation,
but in the decomposition in Proposition 6 this would represent cross-learning from information
about other variables. To use the level of interest rates (5) to forecast inflation, for example, a
household must employ a model of how interest rates relate to inflation. Similarly, to use past
experienced price changes (1-2), households need a model of the persistence of inflation.”® The

only answers that represent the use of direct information about inflation are options 3 and 4.

SYMacaulay and Moberly (2025) find this perceived persistence is very heterogeneous across households. Note that
strictly, option 3 also concerns past price changes, so the assumption here is that media reports of inflation tend to
discuss both current and future inflation simultaneously, or (equivalently) that households interpret the “current inflation”
mentioned in option 3 to mean what is happening at the present moment, not past changes over the previous year as
economists may strictly mean it. Appendix D.3 shows that the results below are robust to various small changes to this
definition of the information indicator.

97



Question 2b What were the most important factors that led you [to change (insert their response

to how expectation has changed)] your expectation of prices in the shops over the next 12 months?

Please select up to 4:

~ N~
~ O

0 0 N SR BN~

How prices have changed in the shops recently, over the last 12 months

How prices have changed in the shops, on average, over the longer term i.e the last few years
Reports of current inflation in the media

Discussion of the prospects for inflation in the media

The level of interest rates

The inflation target set by the government

The current strength of the UK economy

Expectations about how economic conditions in the UK are likely to evolve

The level of the exchange rate (the value of sterling)

Other factors

. None

Asked: 2017

Information indicator: =1 if items 3 or 4 selected, =0 otherwise.

Question 2¢ What were the most important factors that led you to change/not change your

expectation of prices in the shops in the longer term?

1.

0 % NS RA WD

~
S

11.

How prices have changed in the shops recently, over the last 12 months

How prices have changed in the shops, on average, over the longer term i.e the last few years
Reports of current inflation in the media

Discussion of the prospects for inflation in the media

The level of interest rates

The inflation target set by the government

The current strength of the UK economy

Expectations about how economic conditions in the UK are likely to evolve

The level of the exchange rate (the value of sterling)

Other factors

None

Asked: 2018, 2019

Information indicator: =1 if items 3 or 4 selected, =0 otherwise.

Question 2d When you said prices would go up in the next 12 months, how important were the

following things in getting to that answer?
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For each option, possible answers are:

» Very important

* Fairly important

* Not very important
* Not at all important

e Don’t know

* Refused
Options:

1.

How prices have changed in the shops in your most recent visits (i.e. the last 1 to 6 months).

2. How prices have changed in the shops over the longer term (i.e. the last 12 months or more)

o N O R

The current level of interest rates.

The current strength of the British Economy.
The inflation target set by the government.
Reports on inflation outlook in the media.
Reports of VAT changes in the media.

Other factor(s).

Asked: 2009, 2010, 2011, 2013

Information indicator: =1 if ‘very important’ selected for option 6, =0 otherwise.

Que

how

1.

o N & A WD

stion 2e And which, if any, of the same factors were important in getting to your expectation of
prices will change over the longer term (say in 5 years time)?
How prices have changed in the shops in your most recent visits (i.e. the last 1 to 6 months).
How prices have changed in the shops over the longer term (i.e. the last 12 months or more)
The current level of interest rates.
The current strength of the British Economy.
The inflation target set by the government.
Reports on inflation outlook in the media.
Reports of VAT changes in the media.
Other factor(s).

Asked: 2011, immediately after Question 2d

Information indicator: =1 if item 6 selected, =0 otherwise.

Question 2f What were the most important factors in getting to your expectation for how prices in

the shops would change over the next 12 months?

Please select up to 4:
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How prices have changed in the shops recently, over the last 12 months

How prices have changed in the shops, on average, over the longer term i.e the last few years
Reports of current inflation in the media

Discussion of the prospects for inflation in the media

The level of interest rates

The inflation target set by the government

The current strength of the UK economy

Expectations about how economic conditions in the UK are likely to evolve

Other factors

0 %0 N SN A WD~

~
S

None

Asked: 2016

Information indicator: =1 if items 3 or 4 selected, =0 otherwise.

Question 2g And what were the most important factors in getting to your expectation for how
prices in the shops would change over the longer term (say in 5 years’ time)?
Please select up to 4:
How prices have changed in the shops recently, over the last 12 months
How prices have changed in the shops, on average, over the longer term i.e the last few years
Reports of current inflation in the media
Discussion of the prospects for inflation in the media
The level of interest rates
The inflation target set by the government
The current strength of the UK economy
Expectations about how economic conditions in the UK are likely to evolve
Other factors

0 % N SR WD~

~
S

None

Asked: 2016

Information indicator: =1 if items 3 or 4 selected, =0 otherwise.

D.2 The relationship of planned consumption with measured information

and subjective models

To confirm that the survey measures of information and subjective models uncover meaningful
aspects of household beliefs, I consider how they correlate with planned consumption behavior. To

this end, I use the following survey question:
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Question 3 Which, if any, of the following actions are you taking, or planning to take, in the light
of your expectations of price changes over the next twelve months?

* Cut back spending and save more.

Crucially, this asks about consumption choices which are explicitly driven by expected inflation.”!
A household answering ‘yes’ to this question, and who reports elsewhere in the survey that they
expect prices to rise in the next year, is therefore indicating that dc;;/dE;p; 1 < 0. A question
that only asked about consumption or consumption changes, without reference to the cause of the
behavior, would conflate this with reactions to expectations of other variables, which might also

be influenced by the same shocks as expected inflation, either directly or through cross-learning.

Question 3 is therefore informative about the sign of ——4%t— . If current prices are taken as given b
g dE;tpt+1 p g y
the household, then this is the same as the sign of y; = 74— Eflf;;l .

The vast majority of respondents (98%) expect positive inflation over the next 12 months.>?> For

these households, yes and no responses to Question 3 respectively indicate that:

de; < 0 if answer yes
Cit Y (222)

dEupit1 | > 0 if answer no

For the minority who expect deflation, these inequalities are reversed: responding with ‘yes’
indicates consumption is being cut because of an expected fall in prices. I therefore define the

following indicator:

1 i1fQ3=no’ and Ey;miq >0
dey 0 if Q3=‘yes’ and Eymi 11 > 0
Cit _ Q3=‘y tTt4-1 (223)
AEipii 1 if Q3=‘yes’ and Ejym 1 < 0
0

if QSZ‘HO’ and Eitﬂ_t—s-l <0

For the large majority who expect inflation, this is equal to 1 if dE‘?f—;ﬂ > 0, and equal to O if the

3! Another question in the survey asks if the respondent will “bring forward major purchases such as furniture or
electrical goods” as a result of expected inflation. I do not use this for two reasons. First, as Nunes and Park (2020)
note, the question refers specifically to durable goods, which may not respond to prices in the same way as aggregate
consumption, the object of interest. Second, it is very rarely chosen: just 6% of respondents said they would bring
forward major purchases. In contrast, 40% report that they will cut back spending and save more. Any estimation on
this variable will therefore be heavily influenced by a small subset of agents.

32The analysis in this section excludes any households who report expecting zero inflation over the next 12 months,
or who do not answer the inflation expectation question, as Question 3 is difficult to interpret for these households. I
discuss the appropriate counterfactual implicit in the question below. Including these people, 79% of respondents to
Question 3 expect positive inflation, 7% expect zero inflation, 2% expect deflation, and 12% do not answer.
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reaction to expected price rises is strictly negative. The same is true of the minority who expect

dcit
dEitpt+1

counted as if their response to expected price rises is strictly negative. The mislabeling is not a large

deflation, except that any household with = (0 would respond ‘no’ to Question 3, and so is

issue, as less than 1% of respondents to Question 3 both expect deflation and answer ‘no’. The
results below are robust to removing the few households who expect deflation (see Table 4 column

2).

Table 4 shows how this is related to the information indicator and the subjective models
deg
dEitpi+1
on the information indicator interacted with subjective models (Question 1), plus the standard

(responses to Question 1). Column 1 shows the results from estimating a probit regression of

household controls and time fixed effects used above. The coefficient on information is significantly

negative for those with negative subjective models of inflation, despite the fact that substitution
effects imply Ec-l+£+1 > 0 in many standard models. Being informed is therefore associated with a

lower probability of responding positively to expected inflation for these households.

However, for those who believe inflation makes the economy stronger, being informed is

associated with a significantly higher Pr( Eflf;ttﬂ > 0). For those who believe inflation makes
no difference, the average value of Pr((wfic—;iﬂ > 0) with and without information, which is

dCit

—it . — 1 includes the case where
dE;pi41

also consistent with the interpretation of these variables as

dCit
dE;tme+1
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Table 4: Consumption response to inflation correlates with information, by subjective model

(1) (2)
c response to Er ¢ response to Em

information -0.213*** -0.224*
indicator=1 (0.0611) (0.0613)
end up stronger 0.0108 0.0392

(0.0891) (0.0906)
information 0.348* 0.313*
indicator=1 X end up stronger (0.185) (0.186)
make little 0.130** 0.157***
difference (0.0594) (0.0600)
information 0.0240 -0.0149
indicator=1 x make little difference (0.126) (0.128)
dont know 0.0958 0.0978

(0.0833) (0.0846)
information -0.0158 -0.0342
indicator=1 x dont know (0.186) (0.187)
Expected Inflation All Exclude Deflation
Controls All All
Time FE Yes Yes
Observations 4940 4871

Standard errors in parentheses
*p <0.10, ** p < 0.05, *** p < 0.01

deyy
dE;tmi41
1. The omitted category is a household with information indicator=0 who holds the belief that inflation makes the economy weaker. All regressions
are weighted using the survey weights provided in the IAS.

Note: The table reports the results of probit regressions of the indicator on the information indicator, interacted with responses to Question

This is consistent with individuals filtering information through their subjective models of the
economy. If a household who believes inflation weakens the economy gets more information about
future positive inflation, their subjective model implies that they should cut consumption, because
bad times lie ahead. If instead a household believes inflation strengthens the economy, then they
will react in the opposite way to the same inflation. The overall correlation of information and
consumption response is negative because the majority of households believe inflation makes the
economy weaker. This therefore supports the claim that the information indicator and answers
to Question 1 reflect the information and subjective models used by households in making their

consumption decisions.
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The analysis here assumes that when asked whether they will cut back consumption and save
more, households are comparing their actions to a counterfactual in which there are no price rises
over the next 12 months. An alternative possibility is that they are comparing with a consumption
plan made in the past, in which case the relevant counterfactual is where expected inflation is
unchanged from the level expected when the plan was made. I consider this in two ways, and
find that the qualitative patterns in reported consumption responses to inflation are the same for
households expecting inflation to increase or decrease relative to the previous year. It does not
therefore appear that past inflation is the relevant counterfactual for most respondents.

First, column 2 of Table 4 re-runs the regression in column 1, excluding any respondent who
reports expecting prices to fall over the next year. All results are qualitatively the same as over the
full sample, showing that the few respondents expecting deflation are not driving the results.

Second, I split the sample by the sign of the respondent’s expected change in inflation, computed
as the sign of the difference between 12-month ahead inflation forecast and their perception of
inflation over the previous 12 months. The results are in Table 5. The sample sizes in each group are
substantially smaller than over the full sample, so some significance is lost, but importantly the signs
of the key coefficients remain the same. In each group, households who believe inflation makes
deiy - > 0 when they get inflation information. For

dE;i ey
households who believe inflation makes the economy stronger, this effect is reversed. The similarity

the economy weaker are less likely to have

of these patterns suggests that most respondents use ‘no price change’ as the counterfactual when
answering Question 3, not ‘no inflation change’. If the latter was used, we would expect to see

changes of sign across the columns in Table 5, as a household expecting a fall in inflation would be

dc“
dEiimiy1”

dCit
dE;imi41°

reporting —1 X while one expecting a rise in inflation would report
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Table 5: Consumption response to inflation correlates with information, by subjective model and sign of
perceived Em change.

(D () (3)
EATr <0 EA7=0 EA7®>0

Dc_Dpi
Information=1 -0.140 -0.305***  -0.257**

0.116) (0.101) (0.107)
end up stronger 0.0668 -0.178 0.195

(0.164) (0.151) (0.165)
Information=1 0.586 0.349 0.397
x end up stronger 0.441) (0.293) (0.307)
make little 0.165 0.136 0.181
difference 0.111) (0.0957) (0.112)
Information=1 0.129 -0.300 0.113
x make little difference  (0.241) (0.211) (0.216)
dont know 0.156 0.0293 0.0264

(0.176) (0.128) (0.167)
Information=1 -0.141 0.469 0.117
x dont know (0.354) (0.359) (0.325)
Controls All All All
Time FE Yes Yes Yes
Observations 1384 1876 1463

Standard errors in parentheses
*p <0.10,* p < 0.05, *** p < 0.01

Note: The table reports the results of probit regressions of the dE‘C-i;%;ri“ indicator on the information indicator, interacted with responses to Question
it T

1, split by the sign of the respondent’s inflation expectations. The omitted category in all cases is a household with information indicator=0 who holds
the belief that inflation makes the economy weaker. All regressions are weighted using the survey weights provided in the IAS.

D.3 Cross-sectional patterns in information on inflation

Columns 1-3 of Table 6 show the results of probit regressions of the information indicator on
subjective models, controls, and period fixed-effects, for three subsamples. The first only uses
questions about the information used to arrive at the respondent’s change in expected inflation, and
the second uses only questions about information used to form point forecasts. The third column
excludes questions relating to forecast horizons longer than 12 months. The signs of the marginal

effects are the same as in the main exercise in Table 1, though they are not significant in the case of
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the revisions questions, as the sample size is small.

Table 6: Information correlates with subjective models, split by information question type

(D (2) (3) 4) () (6)
Revision Point Short horz. Extra Qs Q2d wider  +Other
end up 0.0575 -0.0335 -0.0123 0.00114 -0.00126  -0.00779
stronger (0.0380) (0.0218) (0.0206) (0.0196) (0.0196) (0.0205)

make little -0.0191  -0.0331*  -0.0392***  -0.0310**  -0.0312** -0.0429***
difference (0.0233)  (0.0155) (0.0141) (0.0132) (0.0131)  (0.0139)

dont know -0.0408 -0.0715** -0.0622*** -0.0663*** -0.0472*** -0.0663"***
(0.0297)  (0.0206) (0.0192) (0.0174) (0.0180) (0.0191)

Controls All All All All All All
Time FE Yes Yes Yes Yes Yes Yes
Observations 2364 5906 6848 8306 8270 8270

Standard errors in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01
Note: The table reports the average marginal effects from estimating probit regressions of the information indicators constructed from subsets of the

questions listed in Appendix D.1 on the responses to Question 1. The omitted category is the belief that inflation makes the economy weaker. All
regressions are weighted using the survey weights provided in the IAS.

The remaining columns of Table 6 repeat the regression for broader definitions of the information
dummy than that used in Table 1. In the fourth column, the information indicator includes Questions
2e and 2g. In the fifth column, I extend the criteria for setting the information indicator equal to
1 in Question 2d to account for the fact that some people may be unwilling to select the highest
importance box for any information source. I therefore set the information indicator to 1 if in answer
to Question 2d, the respondent selects ‘very important’ for direct inflation information (as before),
or if they do not select ‘very important’ for any option, but do respond that four or fewer options
were ‘fairly important’, and direct inflation information is among them. In the final column, I set
the information indicator =1 if the household chooses a direct information source or ‘Other’, in case
this includes direct information sources (e.g. checking the Bank of England published forecasts). In
all of these, the results are robust.

To account for possible selection bias from missing observations, I estimate a version of Table 1
amended for selection as in Heckman (1979). As in Michelacci and Paciello (2024),
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Table 7: Information correlates with subjective models, with selection correction

(D) (2)
Information Information

end up stronger -0.0178 -0.0183

(0.0172) (0.0172)
make little -0.0306** -0.0315***
difference (0.0120) (0.0121)
dont know -0.0575*** -0.0579***

(0.0172) (0.0173)
Inverse Mills ratio -0.282%** -0.0696**

(0.0820) (0.0355)

Selection stage

Economic Literacy 0.205**
(0.0226)
HH does not know past 7 -0.876"*
(0.0365)
r affects 7 in 1-2 months 0.0334
(0.0236)
r affects 7 in 1-2 yrs 0.0882***
(0.0231)
Pseudo- 1?2 (selection) 0.103 0.127
Controls All All
Time FE Yes Yes
Observations 18026 18026

Standard errors in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01

Note: The table reports the coefficients from estimating a linear regression of the information indicator defined in Section 5.1 on the responses to
Question 1, augmented with the inverse Mills ratio from a first-stage probit regression of whether the information indicator is observed on measures
of economic literacy defined above. The omitted category is the belief that inflation makes the economy weaker. The selection stage is only run for

quarters in which the information questions were asked. The model is run using the 2-step limited information method in Heckman (1979). Time
fixed effects and controls as in Table | are included in both stages.

I predict observing the relevant survey response using a measure of economic literacy. Here the
relevant response is only the information indicator, as there are no missing values for Question 1.
Following Michelacci and Paciello (2024), economic literacy is measured with three indicators: the
household reports a value for perceived current inflation, and they answer ‘agree’ or ‘strongly agree’
to the statements “a rise in interest rates makes prices in the high street rise more slowly in the short
term (say a month or two)” and “a rise in interest rates makes prices rise more slowly in the medium

term (say a year or two)”. I estimate versions of the model with this as an aggregate index (=1 if
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and only if the household scores on all components), and with the components disaggregated. The
results are in Table 7. The predictors used in the first stage are strongly significant. Qualitatively the

second-stage results are unchanged from Table 1, and the quantitative differences are small.

D.4 Time series patterns in subjective models of inflation

Bhandari et al. (2024) also study the time series of responses to Question 1, and conclude that
households are more pessimistic about inflation when output growth is low. To explore this, I
regress the proportion of households responding ‘end up weaker’ on realized annual CPI inflation
and quarterly GDP growth. The results are in column 2 of Table 8. Consistent with Bhandari et al.
(2024), the coefficient on GDP growth is significantly negative. However, the R? is only slightly
higher than that of a regression on inflation only (column 1), so GDP growth does not account
for much of the variation in survey answers. Indeed, GDP growth does not have any significant
relationship with the proportion of households with a negative view of inflation outside of the four

worst months of the Great Recession (column 3).

Table 8: Regressions of the proportion of households answering weaker to Question 1 on aggregate variables.

(1 2) 3)
Proportion weaker Proportion weaker Proportion weaker
Inflation 0.0568*** 0.0517 0.0501**
(0.00489) (0.00479) (0.00469)
GDP growth -0.0261** -0.0110
(0.00869) (0.0180)
Constant 0.466"** 0.487** 0.482**
(0.0109) (0.0123) (0.0152)
Omitted quarters None None 2008Q2-2009Q1
R-squared 0.615 0.647 0.554
Observations 70 70 66

Standard errors in parentheses
*p <0.10, " p < 0.05, *** p < 0.01

Note: The table reports the results of regressing the proportion of households answering Question 1 that inflation makes the economy weaker on
annual CPI inflation and quarter-on-quarter real GDP growth. Proportions are computed using survey weights.

To explore which measure of inflation affects subjective models, Table 9 reports the results of
regressing an indicator variable for if the respondent reports a negative subjective model on a variety

of inflation measures. The first column uses CPI inflation, so is very similar to the time-series
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regression in Table 8. Columns 2-4 use more granular measures of the inflation rate experienced by
different households, split by whether they are above retirement age (65), above median income,
and by their housing tenure. Inflation rates split by these characteristics are provided by the ONS.>
Column 5 uses perceived current inflation. The different realized inflation measures are strongly
correlated, so cannot be included jointly. Although the coefficient sizes vary as the different inflation
rates have different levels of volatility, in all cases higher inflation is associated with a significantly
greater probability of reporting a negative subjective model. The R? is highest for perceived

inflation, supporting the view that inflation information affects subjective models.

Table 9: Probability of reporting negative subjective model by experienced and perceived inflation

() 2) 3) “) &)
Weaker Weaker Weaker Weaker Weaker
Inflation 0.0510** 0.0463** 0.0457*  0.0292***  0.0254***
(0.00177)  (0.00170) (0.00165) (0.00137) (0.000720)
Inflation measure CPI by retirement by income by housing perceived
Controls All All All All All
R-squared 0.0303 0.0286 0.0292 0.0237 0.0371
Observations 68269 68269 68269 68269 68269

Standard errors in parentheses
*p<0.10, " p <0.05, 7 p<0.01

Note: The table reports the results of estimating a linear probability model of whether a respondent reports that inflation makes the economy weaker
in response to Question 1 on various measures of inflation. These are annual CPI inflation, inflation split by whether the respondent is of retirement
age, split by whether the respondent has above or below median income, split by the respondent’s housing tenure, and finally the respondent’s
perceived current inflation. Sample begins in 2006 Q1, as this is when the ONS sub-group inflation data is available from. Households not reporting a
perceived rate of inflation are dropped in all regressions. All regressions are weighted using the survey weights provided in the IAS.

33Finer decompositions of inflation by household characteristics are not reliable, given the data available for the UK
(see e.g. Dawber et al., 2022).
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Table 10: Regressions of the proportion of households giving each answer to Question 1 on aggregate

variables.
(1) (2) 3)
Proportion Proportion Proportion
Stronger
Inflation -0.0123**  -0.0116*** -0.0108***
(0.00193)  (0.00215) (0.00221)
GDP growth 0.00346 -0.00392
(0.00363) (0.00646)
Constant 0.104* 0.102** 0.104**
(0.00431)  (0.00550) (0.00638)
No difference
Inflation -0.0292**  -0.0262*** -0.0257***
(0.00303) (0.00313) (0.00314)
GDP growth 0.0150*** 0.0106
(0.00473) (0.0107)
Constant 0.277** 0.264*** 0.266™**
(0.00772)  (0.00883) (0.0103)
Don’t know
Inflation -0.0154**  -0.0139*** -0.0135**
(0.00249)  (0.00262) (0.00267)
GDP growth 0.00762* 0.00428
(0.00423) (0.00987)
Constant 0.153* 0.147** 0.148"*
(0.00687)  (0.00757) (0.00884)
Omitted quarters None None 2008Q2-2009Q1
Observations 70 70 66

Standard errors in parentheses

*p<0.10, ** p < 0.05, *** p < 0.01
Note: The table reports the results of regressing the proportion of households giving each answer to Question 1 (except ‘weaker’) on annual CPI

inflation and quarter-on-quarter real GDP growth. Proportions are computed using survey weights. The R?s of the core regressions in column 1 are
0.388 (stronger), 0.534 (no difference), and 0.355 (don’t know).

Similar patterns in reverse are observed for the other answers. Table 10 repeats the regressions
of Table 8, replacing the dependent variable with the proportion of respondents choosing each of
the other answers to Question 1. In all cases, inflation accounts for a large share of the variation in

survey answers, and higher inflation is associated with significantly lower proportions giving each
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answer. Higher GDP growth is associated with higher proportions on these other answers, but that
relationship is not significantly different from zero for any answer when excluding the worst of the
Great Recession.

To test if the distribution of beliefs about inflation shifts when the economy reaches the ZLB,
I estimate an ordered probit regression of subjective models of inflation in the zero lower bound
period, and a variety of controls.”* A response that inflation makes the economy stronger is coded
as the highest value, and inflation makes the economy weaker is the lowest value (I exclude the
‘don’t know’ answers). A positive coefficient on the zero lower bound period would therefore imply
a shift towards believing inflation makes the economy stronger, as we would expect if households
follow a standard New Keynesian model. This is not what the results in Table 11 show: there is no

significant shift towards a positive view of inflation in the ZLB period.

Table 11: Ordered probit regressions of subjective models of inflation on whether the economy is at the zero
lower bound on nominal interest rates.

(D) () 3)

Subjective model Subjective model  Subjective model

Subjective model

Z1B -0.00801 -0.00785 -0.00513
(0.00937) (0.00962) (0.00972)

Controls None Household Household + macro

Observations 83526 83526 83526

Standard errors in parentheses
*p <0.10, ** p < 0.05, *** p < 0.01
Note: The table reports the results of an ordered probit regression of answers to Question 1 on an indicator for whether the UK economy was at the

zero lower bound, defined as the period from 2009Q2 to the end of 2019 (end of the sample). The ordering is: “stronger”, “no difference”, “weaker”.
Those answering “no idea” are omitted. All regressions are weighted using the survey weights provided in the IAS.

D.5 Perceived and expected inflation across households

Table 12 shows the results from regressing perceived and expected inflation on respondent subjective
models (responses to Question 1), period fixed effects, and the set of demographic controls used for
Table 1.

To account for possible selection bias from missing observations, I estimate a version of Table
12 amended for selection as in Heckman (1979). As in Appendix D.3, I predict observing perceived
and expected inflation using the components of the economic literacy indicator in Michelacci

and Paciello (2024), this time removing the component concerning whether perceived inflation

34The first column of Table 11 has no controls, the second includes the set of household-level covariates used
throughout the paper, and the third adds inflation and GDP growth.
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Table 12: Perceived and expected inflation are higher for those with more negative subjective models.

(1) (2)
Perceived inflation Expected inflation
end up stronger -0.696™* -0.565***
(0.0371) (0.0353)
make little -0.543*** -0.466***
difference (0.0226) (0.0207)
dont know -0.462*** -0.413***
(0.0315) (0.0294)
Controls Yes Yes
Time FE Yes Yes
R-squared 0.179 0.113
Observations 85803 85201

Standard errors in parentheses
*p < 0.10, " p < 0.05, *** p < 0.01

Note: The table reports the results of regressing perceived and expected inflation on respondent subjective models (responses to Question 1) . The
omitted category is the belief that inflation makes the economy weaker. All regressions are weighted using the survey weights provided in the IAS.

is reported as this is closely related to the dependent variables of the regressions. The results

are in Table 13. The predictors used in the first stage are strongly significant. Qualitatively the

second-stage results are unchanged from Table 12, and the quantitative differences are small.
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Table 13: Perceived and expected inflation are higher for those with more negative subjective models, with
selection correction

(1) (2)
Perceived inflation Expected inflation
end up stronger -0.724*** -0.607***
(0.0319) (0.0301)
make little -0.548*** -0.478**
difference (0.0213) (0.0201)
dont know -0.452%** -0.407**
(0.0292) (0.0280)
Inverse Mills ratio 0.714*** 0.168
(0.248) (0.191)
Selection stage
r affects 7 in 1-2 months 0.133*** 0.192***
(0.0209) (0.0209)
r affects 7w in 1-2 yrs 0.278*** 0.310**
(0.0205) (0.0205)
Pseudo- 1% (selection) 0.0477 0.0536
Controls All All
Time FE Yes Yes
Observations 95339 95339

Standard errors in parentheses
*p<0.10, " p <0.05, " p < 0.01

Note: The table reports the coefficients from estimating a linear regression of perceived and expected inflation on the responses to Question 1,
augmented with the inverse Mills ratio from a first-stage probit regression of whether the dependent variable is observed on measures of economic
literacy. The omitted category is the belief that inflation makes the economy weaker. The model is run using the 2-step limited information method in
Heckman (1979). Time fixed effects and controls as in Table 1 are included in both stages.

E New Keynesian model further details

E.1 Proof of Proposition 10

The household maximizes (40) subject to the budget constraint (41). With Y = B = 1 normalized
in steady state, goods market clearing Y; = C; implies C' = 1 in steady state as well.

The first-order conditions imply

_1 _ R _1 _
C, ° = BE, [H—tqg] + B (224)
t+1
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(225)

In steady state (C' = B = 1, II = 1), this yields
1—-¢
so R=——.
B

l=pR+E,
Log-linearizing (224) around the steady state gives
= (1-9 [EtCtJrl —o(re — Eﬂrtﬂﬂ + ong by. (226)
(227)

Log-linearizing the budget constraint (41) around C = B =Y =1 gives
c+b=R(rin —m+b1)+y— (R—1)t,

where y; denotes log-deviation of labor and profit income (equal to output in equilibrium) from
steady state. Since fiscal policy is exogenous to the individual household’s actions, we log-linearize

(228)

the tax rule presented below (255) and use this to substitute out for taxes t;, giving

Cct + bt = Rbt—l + Yt.-
Recasting the system. Using (228) to substitute out for b; in (226) and rearranging, we obtain:
_ 1+o oné R _ o
Eicipr = T 25 Ct — 17755 b1+ o(ry — Eym) — 1 ji Yt (229)
Together with the budget constraint, this yields the system
(e Itong __onmgR c fi
E t+1) _ | 1=¢ 1-¢ t) 4 t 7 (230)
by -1 R bs—1 Jou
A
where fi; = o(r; — Eymip) — % y; and fo; = ;. This system has one forward-looking (jump)
variable, c;, and one predetermined (state) variable, b, ;. The determinant and trace of A are
R 1 14+ o0né
det(A) = —— = —, tr(A) = + R. (231)
() =1og=5 A=
(232)

Let A1, A2 denote the eigenvalues, satisfying
9 1
)\—tr(A))\—I—E:O.
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For a unique saddle-path solution we require one eigenvalue inside and one outside the unit circle

(Blanchard and Kahn, 1980). Evaluating the characteristic polynomial at A = 1:

1 1 1+4on
p(l)=1—tr(A)+ = = (—— ) (233)
()= 1-t(A)+ 5 =€ (5 - 7%
Saddle-path stability requires p(1) < 0, i.e.
1_¢_
077>R—1:%6, (234)

which is satisfied for all calibrations in this paper. Under this condition, 0 < A\; < 1 < As.

Saddle-path solution. Conjecture that the solution takes the form ¢; = pb;_1 + g:, where p is a
constant and g; depends only on current and expected future exogenous variables.
Substituting the conjecture into the budget constraint gives b, = (R — ) by_1 + (y: — g¢), so the

stable eigenvalue governs the dynamics of b; on the saddle path:
=R—=X\. (235)
Substituting the conjecture into (229) and matching coefficients on b;_; yields the quadratic

(1=8p" = [1=R—-1—oné] p—oné R=0, (236)

and the saddle-path root is the one satisfying R — u € (0, 1), i.e. u = R— A1 where )\ is the smaller
root of (232).

Matching the remaining (non-b;_;) terms gives

Eigiv1 =X gi + fre — 1, (237)

where the coefficient on g; equals \, (verified by %ﬁ +pu=1tr(A) — R+ R — A\ = \p). Since
A2 > 1, the unique bounded solution is obtained by solving forward:

9 =3 N B s — Fraes) (238)

s=0

Expanding notation. Define
ang
1-¢&

C=p+ (239)
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Then
HYtts — fl,t-l—s = CYpys — U(Tt+s - Et+s7Tt+s+1)- (240)

Define A = \; ' < 1 as the effective discount factor for the consumption function. Substituting this

into (238) gives:

gt = Z At Et [Cyt-&-s - U(Tt+s - 7Tt+s+1)} . (241)
s=0

Since ¢; = b1 + gy, this implies:
¢ = pibyy + A AN [(Brs — 0(Bireps — Brmipant)] (242)
s=0

which is equation (42) in the main text.

E.2 Model description

Households. A representative household chooses consumption C;, labor supply N, and real
one-period bond holdings B; to maximize equation (40) subject to (41). Combining first-order

conditions and log-linearizing around the steady state with Y = C'= B = Il = 1 yields:

ce=(1-¢) [Etct-i-l —o(re — Etﬂ-t—&-l)} + on by (243)
= -~ 44)
o

where lower-case letters denote log-deviations from steady state. The derivation of the resulting

consumption function (equation (42) in the main text) is presented in Appendix E.1.

Firms. A perfectly competitive final goods producer combines a continuum of intermediate goods

varieties j € [0, 1] using a CES production function:

T, =1
Y, = ( | v dj) (245)
0

where € > 1 is the elasticity of substitution. Cost minimization yields the demand function for

P,\ °©
Y = (?]t) Y, (246)

variety 7j:
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and the aggregate price index P, = ( fol pl-e dj) E.

jt
Each intermediate goods firm j produces using a linear production function:

Yii = ANy, (247)

where aggregate productivity A is constant and common across firms. Cost minimization implies
that real marginal cost is equal to the real wage for all firms:
Wi

MC, = I (248)

Firms set prices subject to quadratic Rotemberg (1982) adjustment costs. Following Bilbiie
(2024), the adjustment cost is paid relative to last period’s aggregate price level P,_;, rather than
the firm’s own lagged price. This simplification makes the pricing problem static, allowing us to
focus on the core demand mechanisms of interest.

Specifically, firm j chooses P;; to maximize current-period profits net of adjustment costs:

P; 0 [ P, 2
2V = Wiy = ( - 1) Y, (249)
t t—1

subject to the demand function (246) and the production function (247). Here 6 > 0 governs the

magnitude of the price adjustment cost. The first-order condition for P}, is:

P\ Y, W, [(P,\ 'V Py Y,
1—e) =L —+€—<—j> ——9( J —1) =0. 250
(1-e) ( A, ) T al\n) m "5, YRS (250)

In a symmetric equilibrium (P;; = F; for all j), this simplifies to:

IL(, — 1) = = (MC, — M ™). (251)

| M

where M = ¢/(e — 1) denotes the flexible-proce markup.
Log-linearizing we obtain:

e—1
Ty = 9

From (248), (244), (247), and (45), real marginal costs in terms of output are:

mcy (252)

1 1
mCt_wt_wnt‘i‘gCt_(w‘i‘E)yt (253)
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Substituting into (252) yields the Phillips curve in the main text (43), with

K= 5_'1(w—+ ) (254)

Monetary policy. The central bank sets the nominal interest rate according to the standard Taylor
rule (44), where v, is an AR(1) monetary policy shock: v,y = p, Vpy—1 + €4, With €., ~ N(0, 02).

Fiscal policy. The fiscal authority issues a constant real supply of bonds B = 1 and levies
lump-sum taxes to service its debt. The government budget constraint in levels is:
R Ry

T, = B—-B=
o, I,

-1 (255)

where the second equality uses B = 1. That is, the government levies taxes equal to the net real
interest payments on its outstanding debt. Since bond supply is constant, in equilibrium b; = 0 for

all ¢, so we do not need to track b; as a state variable.” Log-linearizing (255) yields:

R

t, =
T R-1

(7”,571 — 7Tt) (256)

Market clearing. The goods market clears when aggregate output equals consumption (45). The
labor market clears when aggregate labor demand from firms fo ;tdj equals labor supply /V;. In
symmetric equilibrium with linear production, this is equivalent to Y; = AN,, i.e. y, = n;. The

bond market clears by Walras’ law given the household and government budget constraints.

E.3 Temporary-information equilibrium

Equilibrium definition. For given distributions of 7,.,, \;, and given exogenous shocks v, €+,
the temporary-information equilibrium consists of {¢;, r, 7, v, } and signals s;; such that:

1. Households: households choose ¢; to maximize expected lifetime utility (following (42)).
Firms: firms set prices to maximize expected lifetime profits, implying 7; follows (43).
Monetary Policy: policymakers choose the nominal interest rate r; according to (44).

Market Clearing: the goods and labor markets clear (y; satisfies equation (45), and y, = ny).

A

Signals: inflation signals are determined as a function of realized inflation and idiosyncratic

and aggregate noise according to (46).

3In the log-linearized consumption function (42), the 1 b,_; term therefore drops out in equilibrium, though the
coefficients y, ¢, and A derived in Appendix E.1 still enter the other terms.
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Rewriting the consumption function. Using the consumption function (42), and substituting in
the assumptions on agent information and subjective models described in Section 6.3, then imposing

market clearing, we obtain

L Ao
Y = 1—CA

(Tt - Etﬂ't—i-l) + AZ A? / Xi BTy sdi (257)

s=1

where

o (C - Ogby)Xiyw + O'(p B ¢7T)

;= 258
X 1 —CA (258)
summarizes the passthrough from F;;m., s to ¢; before applying appropriate discounting.
Using equation (48), we evaluate the summation term to give
ATy Byr) + A7 / VB di (259)
= — Ty — T i L T 1
Yt 1—CA t tT+1 1—Ap XiLritTe41
Causal effects of £,m,. For these, we use (48) once more to obtain
Ao _ A? N .
Yy = 1 A (ry — pEymy) + 1 ﬁp /Xz‘EitWtdZ (260)

Given the Gaussian signal structure (46) and AR(1) perceived law of motion for inflation (48),

the inflation perception E;;7; is formed according to
Eymy = (1 — Tiz,) pEit 1741 + Tim, it (71) (261)

where 7;,, 1s the Kalman gain of agent ¢.
To find the causal effects of inflation expectations on y; in partial equilibrium, we hold 7, 4,
and signals fixed, except for the public noise in s;(7;). This isolates the pure demand impulse from

a change in perceived inflation. We then find:

1 dy, Apo A2pXiTime .
QP (m) = ——— = ] 262
v (m) Troden  1—CA + / 11— Ap)r, (262)

where following the notation of Section 3 I use €2, (7;) to denote the causal effect of expectations of
m; on Yy, rescaled such that aggregate expectations move by 1 unit.

In general equilibrium, 7, and 7, respond endogenously, and the change in 7, also feeds back
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into signals.”®
1—CA

1 —CA+ Ao (¢rk + ¢y)

O (m) = Q)P (my) - (263)

Causal effects of £,7,, ;. We now return to equation (259). Given signals about both 7, and 7,1,

and the imposed degree of cross-learning from F;;m; to E;; 7.1, the expectation in the form of (7) is
Eymi = (1 - Tm+1) : (Eit—lﬂtﬂ + pEz'tWt) + Timyq Sit(ﬂtﬂ)- (264)

I impose throughout that there is no cross-learning from E;;m, 1 to Ejm,. This reflects the focus
in existing empirical literature on the pass-through of short to longer-horizon inflation expectations,
but not the reverse. Substituting (264) into (259) and differentiating with respect to the public noise

in sy (71 1), holding r,, m; constant, and rescaling, gives the PE causal effect of Etﬂ—t+1.

di (265)

1 d AO’ A2 NiTiﬂ—t
QPP (r,00) = Yt /<X—+1

- = + —
Tropr dempr 1 —CA 1 —Ap)Trpis

We now turn to GE. Allowing r, 7, and s;;(7;) to respond to the shock implies that the unscaled

causal effect is

dyt AO' dyt AO' / dyt .
= — - 141 1Tt 1-— I 41 d
rEm v S Ui o o A=y
A%Y; dy,
71 AN 41 Tt 1— V41 -5 d 266
[ 5 (s + o1 = i Y (266
which rearranges to
d 77rt 1QPE
Y _ T +1% %y (T{-H‘l) (267)
derit1 D
where D captures general equilibrium effects, and is defined as
_ o Apko o ANk . .
D=1+ 1 _CA(K,¢7|-—|—¢y) —m/ﬂﬂ-t(l —Tiﬂ-t_H)dZ—1_—AIO/X1'Ti7rt(1—Tim+l)dZ
(268)

36T this case, this is the same as the effect that would be obtained if signals were held constant, because the rescaling
to give a unit change in E, 7, exactly offsets the signal-feedback channel, as in the causal effects of inflation perceptions
in the Calvo model in Section 2.
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Given this, the effect of such an unscaled shock on Etﬂt+1 18

dEﬂTtH _ dy, / .
— Tr VTt 1  lemegn d 269
deria T pl{d&rtﬂ § ( Time ) ! ( )
KT, QPE (1
= Ty + AT 5 (min1) / Tim (1 = Timy,y )i (270)

Dividing the unscaled effect in (266) by this gives the desired scaled causal effect

Q5P (mi41) = 9" (misa) 271)
y T D + prQPE(my41) [ Tim, (1 = T, ) di

Decomposition. For all causal effects described above, the representative-agent component is
found by taking the relevant equation (i.e. Q)*(m), Q5 (m,), Q¥ (m41), or Q5 (m44)) and
replacing Tir, = Tr,, Tir,1 = Tmei1s Xiyr = Xyn- Lhe narrative heterogeneity component is then
the total effect minus the representative-agent component. For causal effects in PE, this yields a
precise linear decomposition as in Proposition 6. In GE, the total effect is a nonlinear combination
of representative-agent and narrative-heterogeneity terms, so the representative-agent component
should be interpreted as the GE causal effect if there was no heterogeneity, but the remaining

narrative heterogeneity component cannot be interpreted as a pure covariance as in Proposition 6.

FIRE benchmarks. In Table 2, I compute causal effects assuming FIRE. For these, take each

causal effect definition above, and set X, = k1

, and Tir,, Tir,., — 1. I take the limit here, rather
than directly imposing 7, , Tir,,, = 1, as with Bayesian updating 7;,, Tir,,, = 1 would imply there
1s no noise in the signals at all, leaving no scope for the shocks to £,; and €, that I use to compute

causal effects.

E.4 Calibration

Table 14 gives a full list of the calibrated parameters. Steady state A is omitted, as it is simply

adjusted to generate the normalization Y = 1.
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Table 14: Calibration for Section 6

Parameter Value Source ‘ Parameter  Value Source

I3 0.905 Target R = 1.01 O 1.5 Standard

n 2.5 Kaplan and Violante (2018) by 0.125 Standard

A 0.8 Standard X+ 7.245  Inverse NKPC slope
¢ 0.086 Target M PC = 0.35 X— -2.676 Target 2

P 0.441 AR(1) regression P 1 Standard

o 1 Standard Dy 0.079 IAS
TH 0.522 Target average Kalman gain estimate D 0.588 IAS

TL 0 Normalization

The Euler equation in steady state (225) implies a target for R is not sufficient to pin down
B independently of &. I therefore also target the MPC out of a change in y;, which is increasing
in . I target an impact MPC of 0.35, the mean of the empirical studies surveyed in Sokolova
(2023). These targets imply a substantially lower [ than typically used in models without bonds
in utility, consistent with the findings in e.g. Auclert et al. (2024). These parameters imply
w=0.353,¢ = 0.589, A = 0.594.

For the slope of the Phillips curve, I make use of the well-known equivalence between
Rotemberg- and Calvo-derived New Keynesian Phillips curves (NKPCs) up to first order (Ascari
and Rossi, 2012). These two models give the same NKPC if

e—1 (1=XN(1-=p5)

7= 3 (272)

where ), as in Section 2, is the probability a firm cannot reset its price each period. I choose A = 0.8,
which is a standard value in the literature consistent with an average price duration of 5 quarters.

For p, I estimate an AR(1) model on quarterly UK CPI inflation data from 2001 Q2-2019 Q4. To
do this, I take two approaches. In both, the raw data are monthly observations of the CPI All Items
Index (not seasonally adjusted, base 2015 =100; ONS series D7BT). I first aggregate to quarterly
frequency by averaging the three monthly index values within each quarter. Quarterly log inflation
is then 7{ = In(CPI;/CPI,_; ), where CPI, is the quarterly average of the monthly index.

Since at the time of writing the UK does not publish officially seasonally adjusted CPI data
(Dixon and Michail, 2025), I handle seasonality in two ways. Column 1 of Table 15 works with
the unadjusted quarterly log inflation series and includes quarter-of-year fixed effects directly in
the AR(1) regression. This absorbs the average seasonal pattern within the regression without
pre-adjusting the data.

Column 2 instead applies a classical multiplicative decomposition before estimation. A 2 x 12
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centred moving average of the monthly index estimates the trend-cycle component; dividing through
gives seasonal—irregular ratios. Monthly seasonal factors are computed as the mean ratio for each
calendar month across all available years, normalized so the twelve factors average to 1. The
seasonally adjusted monthly CPI is then the raw index divided by the corresponding factor. These
adjusted monthly values are averaged within each quarter before computing log inflation and
estimating the AR(1) regression without quarter fixed effects.

Both approaches yield an estimated persistence parameter of p = (.44, as reported in Table 15.
T use p = 0.441 (Column 1) in the calibration.

Table 15: AR(1) inflation regressions

(1 (2)
CPI inflation CPI inflation
L.CPI inflation 0.441** 0.440**
(0.128) 0.127)
Quarter FE Yes No
R-squared 0.549 0.197
Observations 75 75

Robust standard errors in parentheses

*p < 0.10, ** p < 0.05, *** p < 0.01
Note: The table reports estimates from regressing quarterly UK CPI log inflation on its own lag. Sample period: 2001 Q2-2019 Q4. In Column 1, the
raw (unadjusted) quarterly series is used and quarter-of-year fixed effects absorb seasonal variation within the regression. In Column 2, the monthly

CPI is seasonally adjusted prior to quarterly aggregation using a classical multiplicative decomposition (ratio-to-moving-average method with a
2 x 12 centred moving average), and no quarter fixed effects are included.

The steady state values of p, and p_ are taken from the average proportion of households
responding “stronger” and “weaker” to Question 1 across all waves of the IAS.

With . set to the true inverse NKPC slope 7%, I set y_ such that Y7 is the same in both cases.
Formally, this implies

M) , 273)

C—0o¢y,

Note that this implies a magnitude of x_ which is less than half that of x ., which is itself derived

X:—<X++

from rational expectations.

Finally, with 7, set to 0, I set 7 such that
Eilnl =@y +p)ta+ 1 —p- —p ) =7" (274)

where 7 1s an estimate of the average Kalman gain in inflation perceptions across all households
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and survey waves. To compute this, I take Equation (261) and average across households to give:
Eym = Tryme + (1 — 7, pE_’tflﬂ'tfl + TrEmt (275)

where I have used the fact that all households are calibrated to have the same p.

To take this to the survey data, I next accommodate a timing discrepancy: equation (275)
describes quarterly inflation perceptions, but the IAS survey asks about perceived inflation over
the past 12 months. To make the model and data consistent, I aggregate equation (275) over four

quarters. Writing (275) at dates ¢,¢ — 1, — 2,¢ — 3 and summing gives

3
PA B ~ A - A -
A= E b sTi—s = Ty Ty + (1 — Ty ) p B | + T Uy (276)
s=0
3 . . . . —A . . . .
where /! = > .o Mi—s is realized annual inflation, E? is annual perceived inflation, and u; =

3 . . . . .
> o€, is the sum of public noise over the four quarters. We can therefore use average inflation

perceptions in the IAS to estimate:
Ef = ym 4+ vEL 4w, (277)

restricting 72 = p(1 — 1), where p is as in Table 14. The estimated ; gives an estimate of the
average Kalman gain across the population.

However, in doing this, it is important to acknowledge that the composite error u; contains
€ro1>Em_y» and g, ., each of which also enters £, through the quarterly perceptions that
comprise it. OLS estimation of (276) therefore suffers from a positive correlation between the
regressor £/ | and the error, biasing the coefficient on lagged perceptions upward and, through the
constraint, biasing 4, downward.

To address this, I impose the constraint analytically and use instrumental variables. Rearranging

(276) under the constraint gives
Ef — pEX | =y () — pEL) + Trws (278)

I then instrument 7! — pEA | with 72 — pE# ,, replacing the endogenous £ | in the constructed
regressor with £/ ,. Annual perceptions lagged a full year depend only on &, , and earlier, which
lie outside the support of w;, so the exclusion restriction is satisfied by the timing structure. The
first-stage is highly significant (F' = 1614), indicating that the instrument is strong, consistent with

other literature finding strong persistence in household inflation expectations (Carroll, 2003). The
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estimated 7, implies a target of 7° = 0.348.

E.5 Robustness

Alternative Y, calibrations. Figure 10 shows how the key statistics computed in Sections 6.6
and 6.7 change with variation in the calibrated value of . In all panels, I maintain the relationship
between x4 and y_ from equation (273): a greater ) therefore implies a correspondingly larger
magnitude for x_, in keeping with Empirical Result 1. I focus here on results for the causal effect
of perceived 7, but as discussed below the causal effects of expected 7, are proportional to those

of perceived ;. For any ratios (as in the middle and bottom panels of Figure 10) the results are

20(p—éx)

, the lower bound at
(—ody

exactly the same across the two cases. In each panel, I vary x from —
which equation (273) implies xy_ = 0, to 10.

The top panel shows how the total causal effect of perceived 7, in general equilibrium varies
with x, along with the representative-agent and narrative-heterogeneity components, as in the first
three columns of Table 2. As ; rises, both the representative-agent and narrative-heterogeneity
channels become more negative. This occurs because the largest groups of households are those
on Xiyr = X— and X;,» = 0. The increase in the magnitude of x; associated with an increase in ;.
therefore pushes the average cross-learning parameter to be more negative (implying a more negative
RA effect), and strengthens the negative covariance between cross-learning and 7;,, (implying a
more negative NH effect).

The converse of this is that if x; becomes sufficiently small, then the substitution effect of
greater perceived inflation implying lower perceived real interest rates starts to dominate, and the
causal effect of inflation perceptions becomes positive. This occurs when x . ~ 5.85, approximately
half-way between the baseline calibration (y . ~ 7.25) and the minimum value such that y_ < 0
(xy =~ 4.57).

The middle panel shows the share of the total response that is due to the narrative heterogeneity
channel (100 x QG® N () /QCF (7,)). Away from the neighbourhood where the total causal effect
passes through 0, this share is relatively stable. It declines modestly as . rises, reaching 34% when
X+ = 10 (relative to 45% in the baseline calibration). Thus the narrative heterogeneity channel is
quantitatively substantial for a range of parametrizations.

Finally, the lower panel shows the amplification of the time-variation in the GE
causal effect due to the narrative heterogeneity channel (100 x (Var(QS*(m)) —
Var(Q5EA4(m))) /Var(QGFR4(m,))).  This is more sensitive to the value of y, than the
steady-state share due to narrative heterogeneity in the middle panel, though it again remains

substantial for a wide range of parametrizations.
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Figure 10: Robustness of narrative heterogeneity effects to the calibration of . +

— T T T T T T T T T T
,—:0:""—::—- B g e il
5 Total effect
é -1 = = = = RAchannel only
o = = = = NHchannel

21 . [ ] Baseline calibration
5 5.5 6 6.5
100 T T T T T T T T T T
= SS Share due to NH
. Baseline calibration
2 50 -
ﬁ -
O 1 1 1 1 1 1 1 1 1 1
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Note: Figure plots key statistics from the temporary-information equilibrium of the New Keynesian model as x + varies, with x _ determined by the
equal-squared-passthrough condition in equation (273). All other parameters are held at their baseline values (Section E.4). Top panel: the general
equilibrium causal effect of aggregate inflation perceptions Eym; on output 3¢, decomposed into the representative-agent channel (dashed blue), the
narrative heterogeneity channel (dashed red), and the total effect (solid black). The red circle marks the baseline calibration (x+ = x~1). Middle

panel: the share of the total steady-state general equilibrium effect attributable to the narrative heterogeneity channel. Bottom panel: the percentage
amplification of the variance of the time-varying general equilibrium causal effect due to narrative heterogeneity, computed using the time-varying
proportions from the IAS as in Section 6.7. Results for the causal effects of E: T¢41 are proportional to those shown here; the ratios in the middle

and bottom panels are identical across the two cases.

Alternative 7/, calibrations. In Table 2, the steady state causal effects of inflation expectations are
proportional to those of inflation perceptions. This is true for the total effects and their component
parts (representative-agent and narrative-heterogeneity). This property arises due to the three-group
structure for expectation-formation parameters assumed in (49), along with the assumption 77, = 0.

For partial equilibrium, the proportionality can be seen straightforwardly from equations (262)

and (265), which together imply

& (mn) _ 1 (279)
EV

Since this proportionality holds term-by-term, it is true of both the total effects and each

component of the decomposition into representative-agent and narrative-heterogeneity channels.
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For general equilibrium, the proportionality is less obvious from the general forms of the
causal effects in Appendix E.3, as the formula for QSE (m¢41) (271) involves a different (and more
complicated) denominator than that for Q?fE (7¢) (263). We show that the proportionality continues

to hold with a guess-and-verify approach. Suppose that, as with partial equilibrium,

QfE(WtH) 1

=—. (280)
QFF(m) — p
Combining this guess with equation (263) we have
o O (m)  QPE(m) 1—CA
Qy <7Tt+1> = = .
0 p 1 —CA+ Ao(¢rk + ¢y)
1—CA
— OFPE . 281
Yy (ﬂ.t+1) 1 o CA+AU(¢W/$+ (by) ( )
Substituting this into equation (271) and rearranging, we obtain
Ao(¢x
D + pKQgI;E(Wt—H) /Tim(l - Tim-«-l)di =1 + O-(f%c—;(ﬁy) (282)
Substituting out for D using (268), several terms cancel, leaving
/Tim<1 — Tiﬂt+1)d7: . /)ZiTmtJrle' = 7_—7|'t+1 /)Z,L'Tl'ﬂ—t(1 — Tiwt+1)di (283)

Evaluating the integrals using the three-group structure in (49), and canceling more terms, yields

(X+p+ + Xp—)TamL(te — 70) = Xo71 ((p+ + )75 + (L — py — p_)77) (284)

This is trivially true when 7, = 0, thus verifying the guess in (280). However, when 7, # 0, it
will not generally be true, and thus the guess (280) will be false.

Given this proportionality, we have that the shares of Q5 (7;) and QS”(my11) due to the
narrative heterogeneity channel, in steady state or period-by-period, are the same as one another.
However, this equivalence is not a general property, and would be broken if 7, > 0, although
numerically the effect is small. Varying 7, between O (the baseline) and the calibration target for
the average Kalman gain, and varying 75 accordingly to maintain that average, the maximum gap
between the steady state narrative heterogeneity shares for Q5” (m;) and Q5 (my11) is 0.0215%. For
the variance amplification, the maximum gap is 0.0776%. These are orders of magnitude smaller

than the levels of each ratio, as displayed in Sections 6.6 and 6.7.
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