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| Introduction

In ation expectations matter for decisions at both the rm and the household levels (Coibion
et al., 2023, 2020; Hajdini et al., 2022b). Given their importance, there is a growing interest
in measuring them and exploring what determines their formation process. The recent literature
shows that individuals form in ation expectations, for instance, based on their recent buying ex-
perience (D'Acunto et al., 2021) as well as historical experiences regarding aggregate in ation
(Malmendier & Nagel, 2016). While most studies on this topic provide empirical evidence re-
garding how differences in in ation expectations arise at the individual level and their effects on
different micro-level decisions, there is less understanding of the aggregate implications associated
with the in ation expectations heterogeneity observed in the data. There is a noticeable gap in the
literature between these empirical micro-level ndings and macroeconomic models.

This paper aims to |l this gap. First, using new US and international evidence, we show that
individuals' in ation expectations depend on their personal history of in ation, con rming the
ndings that show how in ation history affects in ation expectations (Malmendier & Nagel, 2016;
Braggion et al., 2024; Salle et al., 2024)Jsing detailed micro-level data, we document several
key ndings: i) in ation expectations are heterogeneous across cohorts, ii) in ation experiences are
clustered by age, iii) individual in ation history is positively correlated with in ation expectations,
and iv) there are no signi cant differences between cohorts in updating to current information,
once controlling for their own in ation history.

These facts suggest that consumers use their history of in ation to form expectations by posi-
tively weighing their past in ationary experiencéslo capture this behavior, we propose a model
of in ation expectation formation where consumers weigh past experiences. We depart from the
full information rational expectations model by presenting a framework where individuals use their

past in ation histories and compare them to current information rationally gathered from signals.

lwhile Malmendier & Nagel (2016) rely on data from the University of Michigan's Survey of Consumers (MSC),
Sections Il and IV of this paper provide external validity to their results by using a different dataset with panel
characteristics: the Survey of Consumer Expectations (SCE) from the Federal Reserve Bank of New York. In addition,
in Appendix H, we demonstrate that these ndings hold at the international level, even after controlling for common
cohort characteristics.

2This behavior can be interpreted through the lens of the availability bias (Tversky & Kahneman, 1973), where
consumers use the available information, in this case, their own experience, to form expectations, potentially over-
weighing their history instead of using more complex models necessary to form expectations about future economic
variables.



Under the proposed framework, in ation expectations have two components: a common forecast
made with current, shared information across agents and an idiosyncratic referential term that
depends on individuals' past experiences. We structurally estimate the key parameter governing
this expectations-formation process, simulating the history of forecasts consumers would make
in the model according to signals associated with their shopping experiences. As all respondents
access the same current information, we control for the common forecast component using time-
xed effects. The resulting estimation for the coef cient is negative, implying that consumers
positively weigh their in ation history to the detriment of current unexpected news.

We model the shared component following a standard signal-extraction procedure. Based on
works exploring reference prices through consumers' shopping experiences (D'Acunto et al., 2021)
and recent evidence showing that consumers use certain food prices when forming in ation expec-
tations (D'Acunto & Weber, 2022), we use the lagged in ation rate of the food component of the
CPI as a signal of the non-observed aggregate in ation variabléen, we construct a cohort-
speci ¢ in ation expectations measure using i) the already computed shared component, ii) an
idiosyncratic element related to the in ation history of the cohort, and iii) the coef cient value
estimated in the empirical section of the paper.

With our cohort-speci ¢ in ation expectations measure, we obtain model-based forecasts that
closely match the in ation expectations observed in the data across cohorts and time. Regressing
our model-based cohort-speci ¢ expectations on the individual expectations observed in survey
data delivers a statistically signi cant coef cient of 1.069. Although the model-based in ation
forecasts do not use micro-level information on in ation expectations, they predict consumers'
survey data remarkably well. By using these two simple consumer references— shopping expe-
rience and history of in ation— we can effectively model survey households' expectations. This
paper shows that consumer expectations surveys contain relevant and meaningful information that
can be modeled.

As in Bianchi et al. (2021) and L'Huillier et al. (2021), we incorporate our proposed expectation

3Notice that this result does not imply that agents cannot overreact to current news. Our empirical exercise
demonstrates that the proposed expectation modeling framework explains the heterogeneity observed across cohorts.
However, the presence of a common component in the modeling still allows for a common overreaction to some
current news.

4Our results are robust to using more speci ¢ signals, including more narrowly de ned components such as CPI's
food at home or dairy categories that, according to D'Acunto & Weber (2022), are the prices that US consumers
primarily consider when forming in ation expectations.
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formation process into a New Keynesian moti@ur framework both complements and departs

from these prior works. Bianchi et al. (2021) and L'Huillier et al. (2021) rely on a rational expecta-
tions operator, such that agents overreact to news in a representativeness heuristic way (Kahneman
& Tversky, 1972) and where full information characterizes the most likely scefafie.instead

model an experience-based heuristic. We explicitly incorporate agents' history into the model and
use it as their referential information in forming expectations. This approach allows us to exploit
cohort-speci c, time-evolving history and show that consumers use this availability heuristic in
their expectation formation process. Hence, agents' in ation experiences are over-sampled (Bor-
dalo et al., 2023) as the past is over-extrapolated (Angeletos et al., 2021).

We then explore the macro implications of this micro-level heterogeneity in expectations, where
we allow households to form expectations according to the proposed framework. In our model,
while old generations have their expectations shaped mainly by their past, new generations are
highly in uenced by recent developments. We nd that heterogeneous expectations anchor the
aggregate in ation and output gap response to agents' history. At the same time, they also increase
the duration of the effects of the shockgfter an in ationary shock, the model produces hump-
shaped expectations. This reaction is consistent with over-extrapolation, as in Angeletos et al.
(2021). Consumers react slowly to the in ationary shock in the rst few periods, as they are tied
to their reference from the steady state. This rst reaction is consistent with randomized controlled
trial evidence showing that consumers weigh their priors and do not react one-to-one to current
or future in ation news (Weber et al., 2023). After witnessing higher in ation (and new cohorts
entering the economy in a high-in ation environment), consumers get tied to this new in ationary
reference and over-extrapolate the shock, overreacting in their forecast. From the aggregate results,
we infer individual heterogeneous consumption and labor reactions.

We perform an optimal Taylor rule exercise where the central bank seeks to minimize the ex-

5Both papers include the diagnostic expectation model proposed by Bordalo et al. (2020) into a Dynamic Stochas-
tic General Equilibrium (DSGE) model. While Bordalo et al. (2020)'s model is an overreaction model, we use and
extend their framework to allow for a negative distortion parameter corresponding to the diagnosticity parameter in
their case. In the following sections, we detail the microfoundations of our approach. Notice that Bianchi et al. (2021)
and L'Huillier et al. (2021) solution methods also apply to our type of model.

6See Benjamin (2019) for a discussion on the implications of the assumptions of the diagnostic expectations
model.

"While we could incorporate other forms of heterogeneity and biases related to experience-based mechanisms on
the rm or the government side of the economy, in this paper, we introduce non-rational heterogeneous expectations
only at the household level. We opt for this option mainly because of data availability motives.
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pected volatility of the economy by optimally selecting the parameters of a standard Taylor rule.
When we allow for heterogeneous expectations in the model, agents exhibit long memories and re-
member current shocks far into the future. This persistence in uences the optimal monetary policy
response. After a negative supply shock or a positive demand shock, the optimal response of the
central bank is to be more active compared to the benchmark of full information rational expecta-
tions. With a more aggressive response, the monetary authority prevents in ation from rising and
prevents agents from incorporating a high in ation episode into their memories.

This paper has important implications for explaining past in ation dynamics and learning about
the future consequences of recent economic developments. Since 2021, a new cohort of con-
sumers worldwide has been experiencing relatively high in ation for the rst time. According to
our ndings, this high-in ation episode could have consequences in the medium run since con-
sumers incorporate this episode into their history of in ation, adjusting future expect&tiouns.
framework shows that accommodating high in ation produces higher and more persistent in ation
expectations, which in turn generate a higher and more persistent in ation rate in the future. Our
ndings help us understand why in ation has persisted in the past, why consumers' in ation ex-
pectations are persistent today, what to expect from episodes of unusually high in ation, and how
central banks should react to such episodes.

The rest of the paper is organized as follows. Section Il discusses recent works on the topic.
Section Il provides empirical results regarding consumers' heterogeneity in in ation expectations.
We empirically model in ation expectations depending on the history of in ation experienced by
cohorts in Section IV. Section V discusses the aggregate implications arising from heterogeneous
in ation expectations. Section VI shows results obtained for an optimal Taylor rule exercise. We
analyze the high-in ation episode of 2021 through the lens of our theoretical model in Section VII.

Finally, Section VIII concludes.

8In recent work, Salle et al. (2024) nds that people use their lifetime in ation experiences to form expectations.
These implications can also have long-run effects, as high in ation expectations can also affect future generations, as
shown in Braggion et al. (2024).



[l Literature Review

Although a large body of literature documents signi cant heterogeneity in in ation expectations
across rms (Coibion et al., 2018) and households (Hajdini et al., 2022c), fewer works incorporate
these ndings into macroeconomic models to explore their aggregate implications. Afrouzi (2020)
shows that heterogeneity in rm-level in ation expectations ampli es monetary non-neutrality.
Our paper focuses on the heterogeneity of expectations from the household side and explores their
aggregate implications.

Our ndings are closely related to those of Malmendier & Nagel (2016), who use adaptive learn-
ing to model heterogeneous in ation expectations across cohorts. In contrast, as our empirical
evidence suggests, we opt for a constant forecasting revision Kalman Iter model. While both ap-
proaches rely on constant gain, the parameter selection in our model is primarily data-driven. Our
approach allows us to incorporate a current shared forecast component using a standard Kalman

Iter alongside a structure that captures the role of past in ation experiences. In Appendix |, we
demonstrate that our model effectively predicts individual in ation expectations, even when con-
trolling for the expectations implied by the Malmendier & Nagel (2016) framework.

Our modeling follows Malmendier & Nagel (2016) by incorporating a method consistent with
the availability heuristic by using past experiences and allowing agents to use the new information
to form expectations. Kuchler & Zafar (2019) show that consumers use their personal experience to
form expectations. Following recent evidence showing that agents form expectations based on their
shopping experiences (D'Acunto et al., 2021; D'Acunto & Weber, 2022), we use a Kalman lIter
approach where agents get signals from current food prices to model the expectation formation
process. In addition, our approach is exible enough to be incorporated into a general equilibrium
framework like some other recent studies (Bianchi et al., 2021; L'Huillier et al., 2021).

In this paper, we focus on how a single generation is affected by past in ation. Our ndings
emphasize medium-run consequences and the implications for monetary policy responses, given
these intertemporal costs. However, recent evidence suggests that the in uence of in ationary
experiences can extend beyond the directly affected generation. More precisely, Braggion et al.
(2024) show that the experience of hyperin ation in Germany during the 1920s had lasting effects

on the in ation expectations of subsequent generations. In particular, it translated into higher



in ation expectations of consumers of the next generations. While our model does not explicitly
account for the intergenerational transmission of beliefs, the ndings from Braggion et al. (2024)
highlight the need for monetary authorities to be even more aware of how high in ation can shape
expectations in present and future cohorts.

Households' in ation expectations depend on more than just past experiences. Empirical ev-
idence shows that they also respond to other variables, including professional forecasts (Carroll,
2003), price exposure (D'Acunto et al., 2021), socioeconomic characteristics (D'Acunto et al.,
2022b), and local environment (D'Acunto & Weber, 2022), among othdisis systematic devi-
ation from full information rational expectations and the presence of heterogeneity are particularly
relevant, as in ation expectations in uence a wide range of households' decisions (Roth & Wohl-
fart, 2020; Hajdini et al., 2022b). For instance, Malmendier & Nagel (2016) show that in ation
expectations in uence individuals' nancial decisions, while Coibion et al. (2023) con rm that in-
ation expectations play a signi cant role in shaping households' spending decisions, particularly
on durable goods. Additionally, Coibion et al. (2022) also nd that changes in in ation expecta-
tions lead to corresponding variations in consumer spending. Similarly, D'Acunto et al. (2022a)
show that higher in ation expectations induced by unconventional scal policy can signi cantly
in uence consumer spending behavior. While our paper focuses on one source of heterogeneity
to explore its macroeconomic implications, it is important to recognize that other forms of hetero-
geneity may have different implications for the broader economy. We argue that the relevance of
the dimension we focus on relies partly on its persistence over time, as is well-documented and
supported by empirical evidence. Moreover, it features some naturally policy-relevant elements
and nice tractability for its study.

Our model closely follows the literature enclosing behavioral New Keynesian models, such
as the ones proposed by Branch & McGough (2010), Gabaix (2020), Gati (2020), and Pfauti &
Seyrich (2023). It also connects to the literature on behavioral overlapping generations models,
such as Adam (2003). By incorporating overlapping generations into a New Keynesian context,

we relate to the framework presented in Gali (2021). Moreover, Bardoczy & Velasquez-Giraldo

9Although our focus is on the household side of the economy, research has shown that professional forecasters
also depart from rational expectations (Coibion & Gorodnichenko, 2015; Bordalo et al., 2020; Gati, 2020). On the
other hand, due to limited data availability, evidence on rms' expectations remains notably scarce (Candia et al.,
2022b).



(2024) studies the aggregate and distributional consequences of cohort heterogeneity, focusing on
their life-cycle decisions in a heterogeneous agent model. Our model adopts a similar approach
to L'Huillier et al. (2021) and Bianchi et al. (2021), incorporating behavioral biases into a general
equilibrium model, which in their case corresponds to diagnostic expectations (Bordalo et al.,
2020).

Il Empirical Facts

This section reviews some empirical facts related to heterogeneous in ation expectations at the
household level. We show how these expectations are correlated with past experiences regarding
the aggregate in ation variable. These empirical facts motivate and guide the theoretical model of
the paper.

Malmendier (2021) and D'Acunto et al. (2022b) document that consumers' experiences in u-
ence their in ation expectations. Thus, individual experiences are a source of expectation hetero-
geneity. This paper focuses on how aggregate in ation experiences in uence idiosyncratic in ation
expectations, as in Malmendier & Nagel (2016). In the US economy, this heterogeneity in in ation
expectations became more evident after the high-in ation episode of 2021, when in ation surged
after 30 years of low and stable rates.

For this section, we use data from the Survey of Consumer Expectations (SCE) of the Federal
Reserve Bank of New York. This dataset is a US-wide rotating panel with information between
March 2013 and December 2021, where each respondent is surveyed for a maximum of 12 con-
tiguous months. This dataset is handy for our purposes because it provides high-frequency data
on American households' in ation expectations in two different periods of the US economy: one
with low in ation and one with high in ation. In particular, we focus our analysis on respondents’
12-months-ahead point forecast. The 12-months-ahead in ation rate is computed as the in ation

rate existing between the current month and 12 months after the current HHonth.

10speci cally, consumers are asked to answer rst the following question: “The next few questions are about
in ation. Over the next 12 months, do you think that there will be in ation or de ation?” After indicating if they
forecast in ation or de ation, they are asked to give a numerical answer to the following question:*“What do you
expect the rate of in ation/de ation to be over the next 12 months? Please give your best guess. ”

8



Fact 1: In ation expectations are heterogeneous across cohorts.

Figure 1 shows the mean 12-month-ahead in ation forecast by cohort. The heterogeneity across
cohorts is evident! The oldest (65+) and the second oldest cohort (45-64) have higher mean in-
ation expectations throughout most of the sample. Those cohorts experienced a period of high
in ation in the 60s, 70s, and early 80s. Regarding in ation forecast value, these cohorts are fol-
lowed by intermediate cohorts (25-34 and 35-44), who experienced the stable and low in ation
rates of the 90s, 00s, and 10s. Finally, the youngest cohort (18-24) shows the most volatile mean,
following the current in ation rate most of the time. The mean value of this cohort notably in-

creased after the high-in ation episode of 2021, surpassing older cohorts' expectations.

The gure also reveals an upward bias in in ation expectations for most cohorts and time periods. This pattern
is consistent with previous ndings (D'Acunto et al., 2022b) and may be explained by biases related to cognitive
abilities (D'Acunto et al., 2023), nancial constraints (Ehrmann et al., 2018), pessimism (Kamdar & Ray, 2024), and
purchasing behavior (D'Acunto & Weber, 2022), among others. In this paper, we focus on how individuals' in ation
histories in uence the level, but also changes in expectations. This distinction is important, as prior work has shown
that changes in expectations, conditional on a given level, can signi cantly in uence consumers' behavior (Candia
et al., 2022a; Coibion et al., 2023).



Figure 1: Average 12-months-ahead In ation Expectations

Note: The gure shows the 12-month moving average for the 10 percent and 90 percent timmed mean for each cohort using the point forecast.
We use population weights. Data goes from June 2013 to December 2021. Ages correspond to the interviewee's age at the time of the survey. The
vertical line denotes March 2021. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI.

Source Survey of Consumer Expectations, Federal Reserve Bank of New York.

Fact 2: In ation experiences are clustered by age.

Figure 2 plots the average lifetime in ation rate people have experienced according to their age
in the years 2020 and 2021. In the US, average lifetime in ation rates are clustered by age.

The heterogeneity of average experienced in ation rates across cohorts results from the different
in ation-related events Americans have gone through. Older cohorts have experienced events such
as the Great In ation period (1965-1982), characterized by high and persistent in ation. Thus,
these cohorts have a higher lifetime average in ation rate, regardless of the year we calculate.
Meanwhile, intermediate cohorts have experienced low and stable in ation rates throughout the
80s, 90s, 00s, and 10s. Therefore, they present lower values on the lifetime average in ation
rate. For older and intermediate cohorts, experiencing the high-in ation episode of 2021 did not

signi cantly affect their lifetime average in ation rate.
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In contrast, the youngest cohorts show a signi cant change between 2020 and 2021. Until 2020,
the youngest cohorts had not experienced high in ation, showing low lifetime average in ation
rates. However, after being exposed to the high-in ation episode of 2021, their lifetime average

in ation rate dramatically increased.

Figure 2: Lifetime Average In ation Rate Among Respondents

(a) 2020 (b) 2021

Note: The gure shows the mean of the monthly YoY CPIl-based in ation rate that people of the age indicated in the years 2020 and 2021 have
experienced in their lifetimes, starting when they were age 18.
Source Bureau of Labor Statistics.

Fact 3: A higher average lifetime in ation rate is correlated with a higher point forecast.

Tying together both previous empirical facts, Figure 3 shows that people who have experienced
higher average in ation rates during their lifetimes, when surveyed, tend to give a higher in ation
point forecast? We formally test this result in Table 1. Columns 3 and 4 of this table conclude
that the in ation experienced signi cantly affects individuals' in ation expectations, even after
controlling for the current environment and individual characteristics.

This fact provides empirical support for the literature on learning from past experiences (Mal-
mendier & Nagel, 2016; Malmendier, 2021; Malmendier et al., 2021; Malmendier & Wachter,
2022), pointing to a possible source of heterogeneity in in ation expectations: past experiences

with the aggregate in ation variable.

2We control for observable characteristics of the respondent except for the age and period variables.

11



Figure 3: In ation Point Forecast and Average Lifetime In ation

Note: The gure shows binned scatterplot across lifetime average in ation bins. We residualized the variables by respondent gender and commuting
zone. The data goes from June 2013 to December 2021. Ages correspond to the interviewee's age at the time of the survey. The average lifetime
in ation rate measure is based on the monthly YoY percentage variation of the CPI.

Source Survey of Consumer Expectations, Federal Reserve Bank of New York and Bureau of Labor Statistics.

While the evidence we provide here is for the US economy, in Appendix H, we nd similar
evidence for a panel of European countries. With this European dataset, we show that the pattern
i) is present beyond the US, and ii) does not arise from cohorts' systematic characteristics but
rather from cross-country heterogeneous in ation experiences. In the panel of countries we use,
we observe different in ation histories across countries that are not necessarily similar to the US
experience. Again, we nd that average in ation experience positively relates to individual in-
ation expectations, even after including country-time xed effects and, more importantly, cohort
xed effects. This last set of xed effects controls for the fact that cohorts can have biases because
of motives related to their age. In this sense, Hajdini et al. (2022a) nds similar evidence using a

survey for a panel of countries.
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Table 1: Effects of Current and Experienced In ation Rates on In ation Expectations

Dep. var.: In ation expectations 1) (2) 3) 4)
Average lifetime in ation 0.332*** (0.269*** 0.299*** (0.250***
(0.029) (0.080) (0.027) (0.024)
Current in ation 0.524***  (.632***
(0.056) (0.121)

Cohort 25-34 -0.080

(0.318)
Cohort 35-44 -0.131

(0.308)
Cohort 45-64 -0.010

(0.360)
Cohort 65+ 0.062

(0.379)
Currentin ation 25-34 -0.163

(0.127)
Current in ation 35-44 -0.099

(0.125)
Currentin ation 45-64 -0.080

(0.127)
Currentin ation 65+ -0.141

(0.127)
Time FE No No Yes Yes
Controls No No No Yes
Observations 105,415 105,415 105,415 105,402
R-squared 0.057 0.058 0.091 0.198

Note: Table shows regressions where the dependent variable is in ation expectations according to the Survey of Consumer Expectations (SCE) of
the Federal Reserve Bank of New York. Column 1 shows controls by the average lifetime in ation of respondents of a given age at each period of
time and the last in ation measure. Column 2 follows (1) but adds cohort xed effects and the interaction of those cohort xed effects with current

in ation. Column 3 follows Column 1 but adds time xed effects and, hence, omits the current in ation variable. Column 4 follows Column 1 but
adds time xed effects and demographic controls. The demographic controls are income, gender, Hispanic origin, race, educational level, numerical
pro ciency, and commuting zone. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI. Standard errors
clustered by age and period. *** p<0.01, ** p<0.05, * p<0.1. The dependent variable is trimmed, dropping the lower and upper 10 percent of
answers in each period.

Fact 4: After controlling for the average lifetime in ation rate, younger cohorts do not

react more strongly to in ation news than older cohorts.

We test whether younger generations react more strongly to the current economic environment
after controlling for their average lifetime in ation. This exercise aims to inform the modeling
approach we will take. The marginal contribution of new information for younger cohorts is higher,
as they have a shorter history. Assuming constant weights implies that new information will matter
more, especially in the context of persistent in ation. From a modeling perspective, we want to

know whether cohorts react differently to news, conditional on their cohort-dependent marginal

13



contribution of new information. These ndings help us to discriminate between models.

We test this hypothesis through individual-level regressions presented in Table 1. Similar to the
results of other papers using information treatment (Hajdini et al., 2022b), Column 1 of this table
shows that, on average, individuals react to current in ation events. These results also con rm the
existence of a positive relationship between the in ation forecasts and average lifetime in ation
rates, as we saw previously in Figure 3, even after considering current in ation.

To study whether there are different reactions across cohorts, we run regressions that consider
interactions of current in ation with a cohort indicator variable. Column 2 of Table 1 shows the
corresponding results. After controlling for average lifetime in ation, the interaction term has
no statistically signi cant effect. There are no different reactions to current in ation news across
cohorts. We con rm the nding by performing an F-test where the null hypothesis is that all
interactions are jointly equal to zero. The test gives a p-value of 0.39, so we cannot reject the
null hypothesis. In addition, this conclusion holds in a sample of European countries, as we show
in Table A7 of Appendix H. Together, these results suggest that the main source of heterogeneity

across cohorts comes from different past experiences regarding in’gtion.

IV A Simple Model with Heterogeneous Expectations

In this section, we propose an experience-based expectations-augmented Kalman Iter as the
process by which agents form their in ation expectations. In Appendix B, we begin with a simple
model that provides a good starting point where differences in agents' personal experiences do not
imply heterogeneity in expectations. Given the absence of private information, we show that the
observed heterogeneity cannot arise from a standard Kalman lter. In this section, we introduce
an experience-based expectations-augmented Kalman Iter, we explain how the private in ation
history distorts the expectations, producing in ation forecast heterogeneity. Moreover, we estimate
the corresponding distortion parameter and close the section by comparing the heterogeneous rates
of in ation expectations generated by our proposed framework and those observed in the data and

presented in Figure 1.

BFurthermore, in Appendix E we assume the structure of a standard Kalman Iter and provide empirical evidence
that provides support for the hypothesis of different cohorts not reacting differently to in ation signals.

14



IV.1 Experience-based Kalman Filter
IV.1.1 Setup

In this section, we depart from the standard Kalman lIter framework outlined in Appendix B and
introduce a model of non-Bayesian beliefs where consumers revise their forecast using a reference
based on their experienced in ation histdfyWithin this framework, consumers receive signals
about in ation and compare them to their history of forecasts for the next period. By comparing
both elements when forecasting, consumers may rely more heavily on the new information they
receive or on their past history-speci ¢ information. Our analysis allows for both scenarios.

When consumers place greater weight on new information when forming expectations, our set-
ting aligns with Bordalo et al. (2019) and relates to the concept of representativeness heuristic.
In contrast, when consumers rely more heavily on their past history-speci ¢ information, their
behavior can be associated with the availability heuristic (Tversky & Kahneman, 1973). In this
case, when forming expectations, consumers use their available information related to their past
experiences instead of sampling the complex, current information required to forecast the future.
This version of the model also connects with the concept of conservatism bias (Edwards, 1968), as
consumers underweight new signals when forming their beliefs.

This setting aims to model a speci ¢ source of heterogeneity in in ation expectations rather than
to provide a general statement about expectation formation processes. This source of heterogeneity
is relevant, consistently observed across different expectation surveys, and complements other

ndings on in ation expectation formation. The exibility of this framework allows us to align
the model closely with our empirical setting and to learn about how individuals incorporate their
history of in ation when forming expectations.

We denote the true conditional distribution of the unknown in ation variable in a given period
asf(pi+1j 1 t), where the ternh ; denotes the common set of information available at that period.

Given this de nition, we assume that the in ation belief distribution for agestgiven by

140ur framework can be viewed as an extension of the diagnostic expectations framework. Unlike the original
formulation, we do not restrict the parametgto be strictly positive. Thus, using the terminology of the diagnostic
expectations, the model accommodates overreactjoi®)( underreactiong<0), or unbiased updatingj€0). A
similar extension of the diagnostic expectations theory is discussed in Liao (2023).
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fit(Pt+1) = T (Preai | 0) D (Pr+1) Zis (1)
where
2 3

f(pt+1j! t)

_1
f puajl i;r;ef t k)

Diq;t (Pt+1) = g

h In this sleltup, the parameter2 R governs the level of distortion that |E{he likelihood ratio

D (pt+1) % introduces into agents' beliefs. The normalizing paramat,ér: f (Pt+1) dpt+1
ensures that the distributioff} (pt+1) integrates to one in each periodor every agent. Each
agent compares the current common informationl sehgainst her referential information set
I ,rf ! Later, we assume that this idiosyncratic referential information set relates to each agent's
past in ation experiences. As previously mentioned, the parangetaptures the extent of distor-
tion existing in the model. In the standard Kalman lIter framework, we g@awe0, which implies
Df; (pt+1) = 1. In this case, agents' beliefs are undistorted and coincide with the true conditional
distribution, i.e.f} (pt+1) = f(pe+1j ! t). Beliefs are systematically distorted whe® 0, as we
discuss below.

Notice that the no private information assumption implies that the information associated with
the true conditional distribution is common to all agents. Therefore, under the proposed sig-
nal extraction framework, in any peridd the expected value associated with the true condi-
tional distribution of the unknown in ation variable is identical to every agent and corresponds
to EXF [pi+1]. Given the normality assumption on the error term of the in ation process, the
true conditional distribution satis e6(pr+1j1 1) N EfF [p+1];S5 . As we detail below, this
normality result implies that the distribution associated with the referential informatidni??eét
is also normal. Based on these results, we can show that dgdmlief distribution satis es

fd(P+1) N El[p+1l;s 2, where the mean value has the following linear structure

ES [Pral = EfF [pweal+ 0 EfF[prea] Ef [prea] (2)

whereEf, [pi+1] is the distorted forecast associated with the belief distributfb(pt+ 1), and
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Eirﬁf [pt+ 1] is the expected value obtained according to the distribution associated with the refer-
ential information set ;; .15 \We refer to this linear composition of the standard Kalman lter as
our experience-based-augmented Kalman lter.

Up to this point, the variables in our framework are history-independent. Recall that the stan-
dard Kalman lIter is Markovian since it only requires the previous period's beliefs for updating.
However, this simple Iter does not reproduce the set of empirical facts we aim to capture. To
address this, we now introduce a role for past experiences through the referenEéﬁtfe[pp, 1]

For the representative agent of cohgrive de ne the reference term as

et - 8N EKF | [P el
I;t !
* t k)

wherek; denotes the period in which cohatbegins forecasting. Notice that the reference term

)

contains all past expectations of this cohort-speci ¢ agent about future in ation. Since it uses food
prices as a signal, the reference contains the history of how consumers of a given cohort used
the food prices to which they were exposed to forecast aggregate in ation. Panel (b) of Figure
A10 illustrates how the reference in ation rate, de ned according to equation 3, evolves over time
for some selected cohorts. Older cohorts, which have gone through episodes of higher in ation
during their lifetimes, exhibit higher reference points compared to younger cohorts, who have not
experienced relevant in ationary episodes.

We now turn to the interpretation of the paramederWhenq > 0, agents “overreact” to the
current information they receive relative to their prior beliefs. For instance, if agents receive news
about in ation being different from what they expected, they will overreact by assigning a greater
weight to current information, under-weighting their in ation history. In contrag, « 0, agents
“underreact” to the incoming information, placing more weight on their references relative to cur-
rent information. In this case, if agents observe in ation values different than their priors, they
will tend to anchor their current expectations to their past beliefs. As discussed in Section llI,
recent economic developments show that older consumers had higher in ation expectations when
aggregate in ation was low, such as during the period between 2010 and 2020. Meanwhile, when

in ation was high in 2021, consumers reacted moderately, not increasing their expectations signif-

15See Appendix C for a more detailed derivation.
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icantly. This idea goes in line with agents anchoring their expectations to their experience or, in
our framework, with a parameter satisfyiggc 0. Lastly, wheng = 0, there are no distortions in
beliefs ancEf, [pr+1] = E{'" [pt+1] for every cohort.

Given the random walk structure assumed for the in ation variable, and for any forecast horizon
h 1, we concludeEXT [p+n] = EXF [pr+1]. Since the reference term is a linear composition
of expected values associated with the true conditional distribution, we musﬂﬁf}’:{\[pu h] =

Eirif [pt+ 1]. Therefore, wheh 1, we observ&d, [pr+n] = E, [pr+1]-

IV.1.2 Estimation and Forecasting Exercise

In this section, we estimate the paramegeatirectly from the data. Under our current assump-

tions, from equation 2 we know that the cohisstforecast for period + 12 corresponds to

E% [Pt 12 = (1+ Q) EFF [pre12]  QE[S [Pre12]: 4)

Since the rst term is common across all cohorts, it can be captured by a time- xed gffect
Regarding the distorted expectation, we use data on the 12-month-ahead forecast of eath agent
from cohorti presented in the SCE survey. We denote this variabléﬁ,ﬁﬁ[pp, 12]. Finally, to
computeEirf;f [P+ 12] = (t ki) 1@1?‘:1Eﬁf [P+ 12] we return to the standard Kalman Iter from
Section B and recover the different ter§" ; [pr+ 12], which are optimal forecasts under the given

setup'® Given this setting, we run the following regression

EniclPtr12] = @+ | Eir;?f [Pr+ 12+ €miyt: ()

We present the results in Table 2. Column 1 shows our main speci cation, from which we
obtain@ = jo= 0:374. Because the estimated parameter sati@eso, we conclude that
when agents forecast, they positively weigh their reference sets (i.e., their past in ation history,
their priors coming from their experiences with food prices). In the remaining columns of Table 2,

we show that the negative coef cient is robust to the inclusion of control varidBles.

16This result relies on the assumption that the in ation rate is a random walk (see Appendix B), so that we can
obtainE!{ [pr+12] = EI [pr+ 1] from the standard Kalman lter.

In Figure A2 of Appendix A we show the results of estimating equation 5 but leaving one cohort out of the sample
in successive regressions. We nd that the coef cient of interest remains stable throughout the successive estimations
and, thus, does not depend on the inclusion or exclusion of any particular cohort in the sample.
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This result contrasts with the diagnostic expectations literature (for instance, Bordalo et al.
2020), where a positivg is the usual result using a similar empirical structure. However, this
positiveq result is based on an experience-based expectations formation process with a different
reference point. Instead of using agents' past in ation history, the diagnostic expectations litera-
ture usually uses the one-period lagged information set as their reference point. Moreover, their
nding is also conceptually different from ours, as most of the previous empirical literature on di-
agnostic expectations relies on surveys of professional forecasters, who are better informed about

the economy than the households surveyed in the SCE.

Table 2: Parameter Estimation
(1) 2 (3 4)

ES [pe1d 03740 0.384*  0.268*  0.210**
(0.045) (0.037) (0.038) (0.034)

Time FE Yes Yes Yes Yes

Controls No Gender, Gender, Gender,
commuting commuting commuting

zone zone, HH zone, HH

income income,
educational

degree

Observations 83,991 83,969 83,969 83,969

R-squared 0.100 0.168 0.194 0.211

Note: Table shows results of estimating equatioﬂEf.nerf [pt+12] is the reference constructed for a respondent ofi ageexplained in the main text.

We use population weights. Column 1 has only a time xed effect as an additional control. Columns (2), (3) and (4) add different levels of controls.
Robust standard errors in parentheses. Standard errors clustered by age and period. Dependent variable trimmed at 10 percent and 90 percent in
each period. *** p<0.01, ** p<0.05, * p<0.1.

The value of the parameteris also conditional on the expectation formation process. In Bor-
dalo et al. (2019, 2020), current news is processed with a Kalman lIter, so, in a sense, current
forecasts are partly processed with past information. With that modeling approach, surprises with
respect to a reference based on the previous period also come from a reference based on the avail-
able individual experience, as suggested by Tversky & Kahneman (1973).

However, this result changes when we consider other forms for current expectations instead of

8while it has not been central to the previous discussion in the broader diagnostic expectations literature, the result
of g < 0 is not necessarily a rare sight. For instance, Bordalo et al. (20209 «d for the forecasts of a subset of
variables in the Survey of Professional Forecasters. For a further discussion see Liao (2023).
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a Kalman lIter, such as rational expectations (for instance, Bianchi et al. 2021 and L'Huillier et al.
2021). In that case, agents know the model's features, so their reference is based on everything
contained within the model, which is considered more likely (as in Kahneman & Tversky 1972).
Given the assumption of full information, agents will overreact to any shock that was not expected
in the previous period; as agents understand the shock and its effects as soon as they see it, it is
immediately more likely?

We take a different approach, as we explicitly model the reference of the agents given their co-
hort. Agents also optimally generate a forecast with a Kalman Iter and a signal we provide. Then,
they combine this optimal forecast with their past experience to produce their nal forecasts. Our
framework allows for a common component that might come from the news (Carroll, 2003), com-
mon price experiences (D'Acunto et al., 2021), among other reasons. In our empirical estimation,
the time xed effect would absorb any of those common factors, in our case, price experience.
Then, we explicitly model the reference, given their history. Because of the time xed-effect, our
estimate ofg helps to explain the heterogeneity in in ation expectations, therefore we can't rule
out common over or under reaction.

Our ndings are consistent with consumers using an availability heuristic to form expectations.

In this case, people use their history of forecasts to positively weigh them given current develop-
ments in prices. When events deviate from what an agent has experienced, they tend to revise their
expectation toward their historical forecasts. Our empirical results strongly point in that direction.
This nding is consistent with consumers' survey-based evidence that shows that consumers, after
receiving news about the economy, do not overweigh that news, keeping a positive weight on their
prior or reference, as shown, for example, in Weber et al. (2023).

Using our estimate for the parameter, we perform a forecasting exercise using the Kalman lter.
Panel (c) of Figure A10 shows the 12-months-ahead in ation forecasts for different cohorts. We
can see that the experience-based Kalman lIter can generate a heterogeneous pattern across co-
horts, similar to the one we saw in the data in Figuf®@ Eirst, older cohorts show higher in ation
expectations than the rest of the cohorts throughout most of the sample, based on their experiences

of high in ation in the 60s, 70s, and early 80s. Second, the intermediate cohorts show lower in-

19see Benjamin (2019) for a discussion of these assumptions
20we show the forecasts for the full sample in Figure Al in Appendix A.
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ation expectations than the other cohorts because they went through the stable and low in ation
rates of the 90s, 00s, and 10s. The youngest cohort shows the highest in ation expectations after
being exposed to the high in ation rates of 2021.

To study the external validity of our results, in Appendix H, we repeat the exercises but using
data from the Consumer Expectations Survey of the European Central Bank, which contains ob-
servations for six countries: Belgium, France, Germany, Italy, the Netherlands, and Spain. We
nd evidence that corroborates our main ndings. In ation expectations are also heterogeneous in
Europe and partially explained by the history of consumers' in ation experiences. We nd support
for the use of an experience-based Kalman Iter as a way of modeling heterogeneous in ation
expectations.

Moreover, given the cross-country panel structure, we control for a common cohort xed effect
in this exercise, as in Hajdini et al. (2022a). This is a highly relevant step since common cohort
characteristics (i.e. different patterns of in ation exposure over the life cycle) could affect our
results. By controlling for cohort xed effects, we rule out those common cohort characteristics
and cleanly exploit differences in the in ation experienced by the different cohorts across different
countries. We nd similar results after adding our set of controls, implying that the heterogene-
ity does not stem from common cohort characteristics but from different in ation experiences in

different countries. Thus, we have that our ndings are also valid for Europe.

IV.1.3 Goodness of Fit

This subsection studies how the time and individual variation of our experience-based Kalman
Iter expectations compare to the data. We run a regression where the dependent variable is the
survey individual in ation expectation, while the right-hand side variable is our experience-based
Kalman Iter expectation. Our formulation has two components: one comes from the standard
Kalman Iter that uses common food in ation data as a signal, and the second arises from co-
horts references and a paramajeestimated using survey data. As we use a time xed effect
for the parameter estimation, individual survey data do not provide the time variation observed in
our in ation expectations measure. Column 1 of Table 3 shows that the slope between the survey
forecast and the forecast produced by our experience-based Kalman Iteris 1.069. This result con-

rms that our in ation expectations formulation effectively reproduces consumers' expectations.
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After considering the time and cross-section variation, our estimates provide a good prediction of

heterogeneous in ation expectations.

Table 3: Goodness of t

(1) (2) (3) (4) (5) (6)
E% [P+ 12] 1.069%+ 1.068%*  0.931%*  0.871**
(0.164) (0.195) (0.072) (0.081)
Pit 0.310% 0.003 0.109**
(0.040) (0.074) (0.044)
Dt 1 0.535* 0.470%*  0.479%
(0.074) (0.041) (0.042)
Observations 83,991 83,991 83,991 83,991 83,991 83,991
R-squared 0.041 0.006 0.043 0.041 0.074 0.075

Note: Table shows results of a regression where the dependent variable is consumers' in ation expectations according to the Survey of Consumer
Expectations (SCE) of the Federal Reserve Bank of New York. We use population wekfhig:+12] is our estimated measure of in ation
expectationspiyt is average in ation expectationg; 1 is the lagged in ation rate. Constant not reported in this table. Standard errors clustered at

the date-of-birth and period level in parentheses. Dependent variable trimmed at 10 percent and 90 percent in each period. *** p<0.01, ** p<0.05,

*p<0.1.

An alternative measure to explain the heterogeneity in survey data in ation expectations is the
cohorti's lifetime average in ation rat@;; = (t ki + 1) 1é'j<‘zopt j- Column 2 of Table 3 shows
that the history of in ation by cohort can also predict part of the variation in the data. Also, we can
consider the lagged in ation rate, ; as a predictor of in ation expectations, akin to following
an adaptive expectations process. Column 3 of Table 3 presents that the lagged in ation also has
predictive power when it comes to in ation expectations.

Furthermore, we can we can make the experience-based Kalman Iter compete with the other
two measures and see which one better predicts the forecasts observed in the data. Column 4 of
Table 3 shows that in a horserace with the lifetime average in ation rate, our model forecast is
superior for explaining the observed heterogeneity. The coef cient for our measure is close to
one and statistically signi cant. In contrast, the coef cient for the history of in ation by cohort
approaches zero in magnitude and becomes statistically insigni cant.

Column 5 of Table 3 performs a similar exercise against the lagged in ation rate. While both
measures are statistically signi cant, the experience-based Kalman lIter has a larger coef cient.
Given that both variables have the same scale, we nd that the experience-based Kalman lIter adds

more information relative to the lag when it comes to predicting observed in ation expectations.
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Finally, Column 6 of Table 3 shows the comparison between the three measures. The experience-
based Kalman Iter has a larger coef cient in comparison to the other measures, which con rms
the previous two results. While the main coef cient is close to one and statistically signi cant,
the R-squared remains relatively small. This is a common feature across the literature attempting
to understand how consumers form expectations, largely due to the substantial dispersion in con-
sumers' expectations and noisy survey data. Our ndings emphasize that personal in ation history
is a relevant factor in explaining in ation expectations, accounting for a comparable share of vari-
ation relative to other papers that focus on alternative drivers of consumers' expectation formation
process (Hajdini et al., 2022c; D'Acunto et al., 2023).

Figure A3 of Appendix A visually presents the results of Column 1 in Table 3. The slope
associated with the regression and a 45-degree line are very close. Our measure effectively models
the time and cross-sectional variation of consumers' in ation expectations.

Overall, our measure exhibits a very good t with the data. We can replicate heterogeneous in-
ation expectations at the individual level using a relatively simple expectations model. By relying
on current in ation and heterogeneous personal in ation histories, our framework effectively repli-
cates both the time-series and cross-sectional variation observed in individual-level survey data on
in ation expectations. Additionally, in Appendix I, we demonstrate that our measure provides
a better t for this survey and time period than alternative speci cations based on the modeling

approach of Malmendier & Nagel (2016).

V Aggregate Implications of Heterogeneous Expectations

In the previous sections, we demonstrated that an experience-based Kalman lter effectively
captures the empirical patterns in consumers' in ation expectations. We now turn to examining
the aggregate implications of this expectation formation process. Speci cally, we explore how con-
sumers behave under this framework and how their expectations interact with the broader economy,
depending on the nature of the shocks and the policy responses. To do so, we require a model that
is suf ciently rich to capture these macroeconomic interactions while also allowing for hetero-
geneity in in ation experiences. This heterogeneity is crucial as it generates a realistic in ation

history that shapes expectations differently across cohorts.
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This section introduces an overlapping generations model that incorporates an expectation for-
mation process designed to replicate the heterogeneity observed in in ation expectations data (i.e.,
Figure 1). Agents in the model follow the experience-based Kalman lIter and the assumptions
outlined in Section IV.1. The long history of references inherent to this approach enables past

in ation experiences to shape current in ation expectations differently across cohorts.

V.1 Households

On the demand side, we assume that an in nite number of cohorts populate the economy. Each
cohort comprises a continuum of households whose situation is summarized by a single cohort-
speci ¢ representative agent. These cohorts are heterogeneous in their date of birth and past in a-
tion experiences. We follow the perpetual youth approach presented in Blanchard (1985) and Yaari
(1965) to model the different cohorts. This approach considers that households have uncertainty
regarding the date on which they will die. Each household faces a constant prodalaili§; 1)
of dying every period. At the same time, a new cohort of §ize born each period. As a result, in
any period, the size of a cohort born in peridd t correspondstb (1 1 )" K,

We assume that households form expectations using the experience-based Kalman lIter pre-
sented in equation 2 and that the assumptions outlined in Section IV.#halgents assume that
the output gap and the in ation variable follow random walk processes. As in Gutiérrez-Daza
(2022), agents cannot directly observe these variables; instead, they receive signals on each of

them?? Given these assumptions, the representative household of ¢slobres

! ! I#
Ch* L' e apa 1yt G L
max , t 4 Eg , , :
fCiitiiBisag, , 1 S 1+h " ja>.t 1 s 1+h

subject to

21our evidence focuses on in ation expectations, as evidence on output gap expectations is signi cantly less avail-
able. Nonetheless, our assumption is supported by suggestive evidence related to unemployment expectations. The
results would be somewhat attenuated if consumers form expectations using the experience-based Kalman Iter only
for in ation. However, our general conclusions would not be signi cantly affected. The assumptions carried over
from Section IV.1 are the following: i) agents' belief distributions about future values of the variable of interest are
distorted in a diagnostic way, as described in equation 1; ii) the reference term of this belief distribution incorporates
information from all past expectations about future realizations of the variable in question, as described in equation 3;
and iii) the standard Kalman lter forecast assumes that the underlying variable follows a random walk process.

22For simplicity, we assume that these signals correspond to the lagged value of the forecasted variables.
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Bi;t+1
(1+iy)

whereC; is consumptionlt is the labor supplyB;t are nominal savings in a risk-less bond,

RCi.t+(1 1) = WLt + Bit + Tix;

R is the aggregate price lev&lf are nominal waged;; are transfers received by the household,
andi; is the nominal interest rate associated with this economy's bond. Bls®the subjective
discount factors is the inverse of the intertemporal elasticity of substitution, lans the inverse

of the Frisch elasticity.

TransfersT;+ are crucial in our model as they incorporate two essential mechanisms. First, as
in Blanchard (1985) and Yaari (1965), we assume that households insure themselves to receive
a ow of income every period they are alive. The insurance company con scates any residual
wealth upon death, thereby eliminating accidental bequests. Second, as in Mankiw & Reis (2006),
we assume that the payouts households receive from the insurance company are structured such
that households start each period with the same wealth and that the nominal savings market clears.
Therefore, we abstract from complexities related to wealth distribution. Lastly, and as a way of
closing the model, transfers also incorporate the bene ts of rms producing in the intermediate
goods sector.

The transversality condition of the problem corresponds to

" #

. 1 1)
|I|m EY, T(l )_ B+t =0
T ¥ Ph:O (1+ It+h)

We introduce expectations in a general equilibrium setting as in Bianchi et al. (2021) and
L'Huillier et al. (2021). The expectations operator used by household!if], which works
under the assumptions made in Section IV.1. Therefore, the rst-order conditions characterizing

the household's optimization problem are

h i

RCS "= b(1+i)EY Re1Cher (6)
s h _ W,

Cilix= g (7)

where the rst equation corresponds to our Euler equation, capturing optimal consumption-

savings behavior under distorted expectations. The second condition denotes a standard labor
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supply condition, equating the marginal rate of substitution between consumption and leisure to
the real wage.

To simplify the analysis, we further assume that agents have full information regarding the cur-
rent state of the economy. Accordingly, for any log-linearized varighlee imposeEﬂt X n]l=
X hn whenh 0. Otherwise, as L'Huillier et al. (2021) explains, agents will over or underre-
act when predicting this variable's present or past values. Under this assumption, and using the

experience-based Kalman lIter described in equation 2, the log-linearization of equation 6 yields

(1+ o) EfF[ciea] 2 0 (1+ q) EFF [peea]
ref (8)

Cit = 1
[Cixt+ 1] + gEi;t [pt+1]

q Efy
where lowercase variables denote log-deviations from their steady state 4lTieis. expres-

sion represents the Euler equation for cohort

V.1.1 Aggregation

Since the steady-state value is identical across the different cohorts, the aggregate consumption
gap ¢; corresponds to the weighted sum of all the different cohort-speci c consumption gaps.

Therefore, we establish

a=1 8@ 1) ©)
k 0

We further assume that househdddwhen forecasting its future individual consumption gap,
believes that all other households will behave similarly, suchE[fét Ckt+1 = Erk?tf [Cts 1]. Incor-
porating the cohort-speci ¢ equation 8 into the aggregate consumption gap expression in equation
9 and using the market clearing condition in the goods market, we derive the aggregate IS curve of

our model

23An intermediate step in the log-linearization of equation 6 results.irr Ef, [Cit+ ] < it E}[pe+a] +
1ki+l . -
s & E%[pt j1 pt j , where the last term arises from the fact tBgf[X+1Z;] 6 EJ, [X+1]Z: (L'Huillier et al.,
j=0 ’ ’
2021). The ternkf, [pr j] could imply that agents have distorted beliefs about the past. Since we a&8pie;] =
pe j for j 0O, beliefs about the past align with observed realizations. This assumption allows us to focus on how
the reference distortions affect beliefs about the future, which is the main focus of our analysis. It also simpli es the

computational burden of solving the model, as we no longer need to keep track of the belief history of each cohort.
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A+ ) EfF yied] 2 0 (14 9) EXF [pre 4]

. 1 (10)
al & (1 1) EG b+ SEG [Pl

Ve =

Equation 10 is the IS curve implied by our model. It resembles the standard IS curve but features
two different distortions associated with parameger In this version of the IS curve, the past
matters in the sense that current realizations are affected by the history experienced by?¢ohorts.

We identify two distinct effects shaping aggregate demand from equation 10. On one side, the
ex-ante real interest rate depends not only on the regular Kalman((lter q) EXF [p+ 1]), but
also on the reference point weighted by the cohort shayesg (1 1) Erk?tf [Pt+1] ). Then,
if the history of in ation is lower than the current shock, tfk1e0effective ex-ante real interest rate
becomes higher, thereby exerting a contractionary effect on economic activity. On the other side,
the expected output also exhibits a history-dependent component. Suppose the reference of the
cohorts is associated with the steady state. In that case, the current output gap may be lower in
response to, for example, an expansionary in ationary shock, such as in the case of a demand
shock, or it may be higher if the in ationary shock decreases output. Then, depending on the
reaction of rms and monetary authority, the actual in ation will depend on how important those

demand considerations are and how much they in uence prices.

V.2 Firms

On the supply side, we assume that a nal good producer operates in a perfectly competitive
market, and this rm produces using a continuum of intermediate goods as inputs. Each inter-
mediate good is produced by a separate rm operating under monopolistic competition. These
intermediate goods producers are subject to Calvo pricing frictions, implying that only a fraction
of rms can adjust prices in any given period. We assume these rms follow rational expectations
when setting their prices, as their behavior is model-consistent. Accordingly, we adopt the standard
rms framework associated with the New Keynesian setting to derive the standard New Keynesian
Phillips curve?®

24Notice that if agents do not over or underreact when forming expectations £€0, the IS curve reduces to a
conventional structurg = EfF [yira] 2 it EfF[prea] -

25\We present the details associated with the supply side of the economy in Appendix J.
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V.3 Monetary policy

The central bank sets the interest rate following a standard Taylor rule. Then, we have

(+i) - (L+p) *® ¥ &
1+i  (1+p) Y (1)

where the bars denote steady state valuescgrahdcy represent the central bank's reaction to
deviations from the steady state of the in ation rate and output, respectively.

After log-linearizing, the model is summarized by

(1+ Q)EtKF [Vi+ 1] Sl it (1+q) EtKF [P+ 1]

Wt = o 1 (12)
ql kao(l ) Bl e a]+ gEL?tf [P + yaste
1 f)(@ fb
pr= ¢ )§ Ls +h) yi+ U + DE [prea]; (13)
it = CpPt+ CyW; (14)

where equation 12 is the dynamic IS curve augmented with a taste shock, equation 13 is the
Phillips curve, and equation 14 is the Taylor rule. Notice that the Phillips curve follows the rational
expectations operaté [:], while the IS curve results from following the experience-based Kalman
lter operator EA [:].

We consider a cost shock®tand a taste shoak?s'®that behave as an AR(1) process, such that

cost

U= T ostt O3 + €% (15)

taste _ taste, .taste
U™ "= lNtastdhy 1 + &7 (16)

wherer ¢ost andr tasteare the persistence parameter afftft ande@s®are the unexpected inno-

vations.
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V.4 Calibration

The model is calibrated to a monthly frequency. The parameters from Table Al in Appendix
A show a fairly standard calibration. We calibrate the price stickiness parameterthat the
expected duration of a given price quote is 12 months. We also calibrate the mortality sate
that the expected life span is 80 ye#fts.

Regarding the experience-based Kalman Iter, we need to calibrate the KalmaHK gaid the
parameteq. We calibrate both according to the results from Sections B and IV.1. We must make
an additional assumption around these two parameters. While we only used in ation rate data in

the previous sections, we assume these parameters also hold for the output gap.

V.5 Simulations

In this section we compare three different cases: i) households form their expectations according
to full information rational expectations (FIRE), ii) households form their expectations according
to a standard diagnostic expectations operator with overreactiand iii) households form their
expectations according to the experience-based Kalman lIter from equatfon 2.

Figure 4 presents the impulse response functions to a taste shock and a cost shock. In Panel
(a), we see that in ation and the output gap increase after a taste shock. The FIRE case shows the
usual reaction, and the standard diagnostic expectations model presents an overreaction that lasts
three periods, consistent with the reference used. In the case of the experience-based Kalman Iter
model, we rst see a milder reaction in terms of in ation and output gap. Agents remember the past
(inthis case, the steady state), so their expectations tend to stay closer to such value. This allows the
central bank to reduce the size of its hike in the interest rate, resulting in a slightly lower real interest
rate. In addition, rms reduce the size of their price increase. Overall, under the experience-based

Kalman lter, agents anchor their expectations to the past, reducing the magnitude of the responses

26Because we assume that agents become economically active and relevant at age 18, this means agents expect to
consume and work for 62 years

2IWe include the standard diagnostic expectations model because it serves as an useful benchmark that features
overreaction. Because our model is a generalization of the diagnostic expectations model, following L'Huillier et al.
(2021), we set the paramefigr= 0:992 to obtain the desired overreaction result.

28For our Kalman lter operator we assume each cohort differs in its beliefs. In Appendix K we analyze the
consequences of dropping this assumption and having all cohorts follow the same beliefs while keeping the Kalman
Iter structure.
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Figure 4: Impulse Response Functions

(a) Taste shock

(b) Cost shock

Note: Figure shows impulse response functions for a selected group of variables after the mentioned shocks. The red dashed line shows the results
for the case of the full information rational expectations model (FIRE), the green dotted line shows the results of a standard diagnostic expectations
operator and the solid blue line shows the experience-based Kalman Iter model. For the standard diagnostic expectations case we assume that

agents use the expectations operd&®°[X.n] = Et[X+n] + V (Et[X+n] Et 3[X%+n]) with v > 0. Horizontal axis denotes months after the

shock.
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on impact.

While in ation is lower on impact with the experience-based Kalman lter, it takes longer to
return to its steady state values when compared to the other cases (the FIRE and standard diagnostic
expectations cases have in ation going back to a steady state at the same pace of the persistence
of the shock). This is because, with the experience-based Kalman lIter, agents remember the high
in ation period. This effect is exacerbated by new cohorts that have only experienced in ation
above the steady state.

Panel (b) of Figure 4 shows the responses for a cost shock. In the experience-based Kalman lter
case, there are two forces going in opposite directions. There is a high persistence in in ation, but
we also have consumers who remember the zero output gap of the steady state, which reduces the
pressure on prices. Thus, the IS curve becomes more inelastic to the shock with the experience-
based Kalman lIter. Then, in this economy, rational rms can raise prices by more than they would
under FIRE. This is followed by a central bank that must raise the interest rate more strongly than
in the rational economy.

We have that for our experience-based Kalman Iter case, the household expectation IRFs show
two important characteristics: i) they do not jump on impact, and ii) they display a hump-shape.
Both characteristics fall in line with what has been shown previously in the literature (for instance,
see Angeletos et al. 2021 for the case of professional forecasters and Pfajfar & Roberts 2018 for
the case of household survey expectations). Consumers underreact to the in ationary shock in our
setting initially, as their memories are tied to the steady state. After the in ationary shock, they
incorporate the in ationary episode into their memories, over-extrapolating it, as in Afrouzi et al.
(2023).

Furthermore, another thing to notice in the experience-based Kalman lIter case is that while the
household in ation rate expectations have a hump shape, actual in ation does not. This is because
rms are always rational. Thus, rm expectations follow the shock very closely (no hump shape

because of the AR(1) nature of the shock), and they set prices accordingly.
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V.6 Implied Heterogeneous Responses

After obtaining the aggregate responses to the shocks, we now check the responses at the cohort-
speci c level implied by the aggregate variable paths of the previous section. Thus, we use the
individual-level equations to see how the informational frictions of the model generate heteroge-
neous consumption and labor patterns depending on cohorts' past experiences. We must stress that
this result just shows a reaction starting akin to a partial equilibrium exercise taking the aggregate
variable paths as given and is not the result of a full heterogeneous agents model.

First, we calculate the within-model response of the output gap and in ation rate expectations
for each cohort according to the framework of Section IV.1 and the aggregate variable paths fol-
lowing the shocks studied in the previous section. Figures A4 and A5 of Appendix A present the
heterogeneity in expectations across cohorts under the experience-based Kalman lter. We see
that, after both shocks, the expectations of the older cohorts remain anchored to the steady state,
whereas the young react more strongly.

Then, we obtain a cohort-speci ¢ consumption gap according to equation 8, which contains
common and heterogeneous components across cohorts. Similarly, we obtain the cohort-speci ¢
paths of labor supply gap from the individual labor supply problem. Figure A6 in Appendix A
shows the consumption and labor supply gap responses of the different cohorts after a taste shock.
We see that older cohorts consume less and work more, relative to the younger ones. For this result,
there are two forces working simultaneously. In the rst place, output gap expectations are lower
for older cohorts, which brings their consumption down. Second, the in ation rate expectations
are lower for older cohorts, which relates to a higher real interest rate and reinforces the lower
consumption. Because the older cohorts believe future aggregate output gap will be lower and
perceive a higher real interest rate, they end up supplying more labor relative to the young.

Figure A7 of Appendix A shows the responses of the consumption and labor supply gap across
cohorts after a cost shock. Older cohorts consume more and supply less labor than the young.
Contrary to the previous exercise, in this case, this outcome is explained by two channels going in
opposite directions. First, older cohorts have higher output gap expectations than younger ones,
which drives their consumption upwards. Second, older cohorts have lower in ation rate expec-

tations that translate into higher real interest rates, such that their consumption goes down. In the
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end, we see that the rst channel dominates over the second. That is, even though older cohorts
perceive a higher real interest rate, their more optimistic beliefs over the future output gap drive
their consumption upwards relative to the young cohorts.

We highlight that these results are speci c to this exercise, where the economy starts in the
steady state. The heterogeneous responses are determined by the heterogeneous experiences of
households, which, given the experience-based biases when forming expectations, create hetero-
geneous ex-ante real interest rates. In Section VII, we explore a data-based in ation scenario that

will result in different ex-ante real interest rates across cohorts.

VI Optimal Taylor Rules

Now we analyze the use of an optimal Taylor rule in each of the different cases from the previous

section. The Taylor rule we use in this section is

it = Cppt + nyt: (17)

We assume that the central bank chooses the time-invariant paramgtensic, such that it

solves the problem

minEy p2+ Jy? ;

subject to the equations of the model in Section V and the weight of the output gap in
the objective functiod? That is, the central bank, given the model setup, seeks to minimize the
volatility of both the in ation rate and the output gap. Notice that we assume that the central bank
has rational expectations.

The optimal parameters are dependent on which shocks exist in the model (cost or taste). There-
fore, we will have two sets of parameters, one for each sRbck.

We start by analyzing the response to a cost shock under the optimal Taylor rule. Panel (b)

of Figure 5 shows that, when responding to this shock, the central bank faces the usual trade-off

2% ollowing Gali (2015) we de ng) = A T0Xs*h) = g:0017,
30Tables A2 and A3 in Appendix A show the optimal parameters.
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between the output gap and the in ation rate. After the cost shock, the in ation rate goes up, and
the output gap goes down after the interest rate hikes. In this particular exercise, we will have that,
given the relative importance of the output gap in the objective function, the central bank will favor
reducing the volatility of the in ation rate.

After the shock hits, the central bank becomes more active in the experience-based Kalman lter
than in the FIRE case. This behavior takes place because in ation history plays a role when there
are experience-based expectations. The central bank knows that people will remember the current
shock far into the future, affecting future in ation expectations. By being more active under the
experience-based Kalman Iter case, the central bank can quickly lower in ation expectations.
While in the baseline results from Figure 4 the in ation expectations remained high for a long
period, the optimal Taylor rule brings them down. In fact, It even generates de ation expectations
that later spill over to the observed in ation rate.

Panel (a) of Figure 5 shows the impulse response functions to a taste shock and an optimal
response from the central bank. As is well known in the literature, upon a taste shock, the optimal
response of the central bank is to raise the interest rate strongly. What follows is that the central
bank manages to bring down both the output gap and the in ation rate to their steady state values.

We nd no signi cant difference in the central bank's response between the FIRE and experience-
based cases. The optimal Taylor rule case says that the central bank should always be active when
facing a taste shock, no matter the type of expectations agents have. In this manner, the central
bank can close the output gap and lower the in ation rate faster than the baseline results. More-
over, with the active stance recommended by the optimal Taylor rule, the output gap and in ation

expectations are positive but very close to zero in all cases.

VIl Analyzing an Episode of High In ation

This section analyzes the model's behavior after the high-in ation episode of 01 do so,
we feed the model from Section V with actual monthly data on the output gap, in ation rates, and

interest rates up to December 20%1Afterward, we produce forecasts using the different versions

31In this part, we go back to the basic calibration of Table Al.
$2\We use monthly series from March 1967 to December 2021. We go as far as the data allows us to build the
agents' references. We use the National Activity Index (CFNAI) from the Federal Reserve Bank of Chicago for the
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Figure 5: Impulse Response Functions, Optimal Taylor Rule

(a) Taste shock

(b) Cost shock

Note: Figure shows impulse response functions for a selected group of variables after the mentioned shocks under an optimal Taylor rule. The red
dashed line shows the results for the case of the full information rational expectations model (FIRE), and the solid blue line shows the experience-
based Kalman Iter model. Horizontal axis denotes months after the shock.
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of the modef?®

We rst analyze the experience-based Kalman Iter case. Figure A8 of Appendix A shows
the in ation rate expectations by cohort according to our model and the data. Before 2021, older
cohorts had the highest in ation expectations. This result occurs because older cohorts experienced
the high-in ation episodes of the 60s, 70s, and early 80s. They are followed by the intermediate
cohorts and nally by the youngest cohorts, who experienced low and stable in ation rates from
the 90s to the 10s. With the in ationary shock, things changed as newer cohorts experienced a
signi cant part of their lives in a high-in ation environment.

Figure 6 presents how variables evolve based on our model and the data. After 2021, when we
allow for an experience-based Kalman lIter, average in ation expectations are higher and more
persistent with respect to other cases. This result is because agents remember and anchor their ex-

pectations to what they experienced in the past. Hence, the central bank must react more strongly.

output gap. For the interest rate, we use the effective federal funds rate. For the in ation rate, we use the CPIl 12-month
percentage change.
33we present the shocks that, according to our model, explain the observed data in Figure A9 in Appendix A.
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Figure 6: Impulse Response Functions, Forecast

Note: Figure shows impulse response functions for a selected group of variables according to the model and the data (up to December 2021). The
red dashed line shows the results for the case of the full information rational expectations model (FIRE), the green dotted line shows the results of
a standard diagnostic expectations operator, and the solid blue line shows the experience-based Kalman Iter model. For the standard diagnostic

expectations case we assume that agents use the expectations det&orn] = E¢ [Xe+n]+ vV (Et[X+n] Et 3[%+n]) with v > 0. Horizontal
axis denotes months.

Because of their historical reference, agents that follow an experience-based Kalman lter re-
member the high in ation episode far into the future when compared to the other cases case. As a

consequence, the observed in ation rate and the interest rate also remain higher for longer.

VIIl Conclusions

This paper studies the macroeconomic consequences of heterogeneous in ation expectations.
First, we show that in ation expectations are heterogeneous across cohorts. Then, we introduce
a Kalman Iter augmented with experience-based expectations to model the in ation forecast for-
mation process. We structurally estimate the relevant parameter, concluding that individuals effec-
tively incorporate their past in ation histories when forecasting.

Our expectation formation process includes two well-established and relevant aspects of con-
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sumers' expectations processes. On one side, it considers the history of in ation each cohort has
experienced. On the other side, it incorporates the current in ation experience, particularly those
related to salient prices such as grocery prices. Our proposed framework can predict the hetero-
geneity prevalent in consumers' in ation expectations across cohorts remarkably well, even though
we only feed our model with monthly CPI in ation data and an estimated parameter. We show that
consumer in ation expectations data can be modeled and predicted and contain meaningful infor-
mation.

Our modeling approach also has the advantage of being exible enough to incorporate it into a
general equilibrium model. We conclude that the heterogeneous expectation process we propose
carries relevant aggregate implications. In particular, heterogeneous expectations anchor aggregate
response to agents' history of in ation while increasing the persistence of the shocks' effects.

This result has clear implications for monetary policy: when in ation begins to rise, the optimal
response of monetary authorities is to take an active stance, as agents have memory and remember
current shocks far into the future. An energetic response of the central bank when facing in ation-
ary pressures not only prevents current in ation from rising but, more importantly, prevents agents
from incorporating high in ation episodes into their memories, thereby mitigating higher future
in ation expectations.

Our results also have relevant implications for the current macroeconomic environment. The
model suggests that the 2021 high-in ation episode, even though it may be transitory, could have
long-lasting effects: new cohorts incorporate the high-in ation episode into their memories of
in ation, adjusting future in ation expectations upwards.

While this work focuses on the aggregate implications of this speci ¢ form of heterogeneous ex-
pectations, future research could explore its associated distributional consequences. For instance,
promising directions include (i) examining how experience-based in ation expectations interact
with nancial constraints and labor market decisions at different stages of the life cycle, (ii) as-
sessing what are the implications of those interactions for the effectiveness of monetary policy,
and (iii) how monetary and scal policy can deal with the distributional consequences emerging

from such interactions.
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Online Appendix (Not for publication)

A Additional gures and tables

Figure Al: Experience-based Kalman- lter-based In ation Forecasts by Cohort, Full Sample

Note: Figure shows forecasts for selected cohorts according to the Kalman- Iter-augmented expectations and considering the egtiinzate for
Column 1 of Table 2. Selected cohorts differentiated by their age in 2021. We further assume that each cohort starts forecasting when they become
18 years old. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI.



Figure A2: Parameter Estimation, Stability by Cohorts

Note: Figure shows the coef cient resulting from estimating equation 5, but leaving one cohort out of the sample. The cohort left out of the
estimation changes across the horizontal axis.

Figure A3: Observed In ation Forecasts and Experience-based Kalman Filter Forecasts

Note: Figure shows binned scatterplot across experience-based Kalman Iter forecasts (x-axis) and point forecast in ation expectations according
to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis). Variables demeaned by the intercept. Data go
from June 2013 to December 2021. SCE variable trimmed at 10 percent and 90 percent in each period.



Figure A4: Impulse Response Functions, Experience-based Expectations by Cohort, taste shock

Note: Figure shows the heterogeneous expectations generated by the experience-based Kalman Iter. Cohorts denote age at the time of the
shock. The solid lines represent different cohorts in the experience-based Kalman Iter model. The dashed red line is the full information rational
expectations model. Horizontal axis denotes months after the shock.



Figure A5: Impulse Response Functions, Experience-based Expectations by Cohort, Cost Shock

Note: Figure shows the heterogeneous expectations generated by the experience-based Kalman Iter. Cohorts denote age at the time of the
shock. The solid lines represent different cohorts in the experience-based Kalman Iter model. The dashed red line is the full information rational
expectations model. Horizontal axis denotes months after the shock.



Figure A6: Impulse Response Functions, Consumption and Labor Supply by Cohort, Experience-
based KF with Heterogeneity, Taste Shock

Note: Figure shows the heterogeneous consumption and labor supply gaps generated in the case where expectations follow the experience-based
Kalman lter. Cohorts denote age at the time of the shock. The solid lines represent different cohorts in the experience-based Kalman Iter model.
The dashed red line is the aggregate. Horizontal axis denotes months after the shock.



Figure A7: Impulse Response Functions, Consumption and Labor Supply by Cohort, Experience-
based KF with Heterogeneity, Cost Shock

Note: Figure shows the heterogeneous consumption and labor supply gaps generated in the case where expectations follow the experience-based
Kalman lter. Cohorts denote age at the time of the shock. The solid lines represent different cohorts in the experience-based Kalman Iter model.
The dashed red line is the aggregate. Horizontal axis denotes months after the shock.



Figure A8: Impulse Response Functions, In ation Rate Experience-based Expectations by Cohort,
Forecast

Note: Figure shows the heterogeneous expectations generated by the experience-based Kalman Iter and the data (up to December 2021). Cohorts
denote age in 2021. Horizontal axis denotes months.



Figure A9: Impulse Response Functions, Shocks, Forecast

Note: Figure shows the paths shocks follow according to the model and the data (up to December 2021). The red dashed line shows the results for
the case of the full information rational expectations model (FIRE), the green dotted line shows the results of the standard diagnostic expectations
operator, and the solid blue line shows the experience-based Kalman lter model. For the standard diagnostic expectations case, we assume that

agents use the expectations oper&@dr [X.+n] = E¢[X+n]+ z (Et [X+n] Et 3[%+n]) with z > 0. Horizontal axis denotes months.



Table Al: Model Calibration
Parameter Value Parameter Value

b 0.9967 Cy 0.125
h 1 r cost 0.9
f 0.9167 rtaste 0.9
S 1 | 0.001
e 9 K 0.1751
Cp 1.5 q -0.374

Note: Table shows the parameters used for the model. We follow a standard monthly calibration.

Table A2: Optimal Taylor Rule Parameters, Cost Shock
c

p Cy

FIRE 119.20 0.74
Experience-based KF-PTV 140.79 0.47

Note: Table shows the Taylor rule parameters that minimize objective funEiiop? + J y? when an unexpected cost shock hits the economy.

Table A3: Optimal Taylor Rule Parameters, Taste Shock
Cc

p Cy

FIRE 8.73 28.10
Experience-based KF-PTV 9.18 27.19

Note: Table shows the Taylor rule parameters that minimize objective funEtiop? + J y? when an unexpected taste shock hits the economy.




B Standard Kalman Filter

B.1 Setup

The economy is populated by different cohorts indexed @yese cohorts are heterogeneous in
their dates of birth and the in ation history they have experienced. Since there is no heterogeneity
within cohorts, a single representative agent summarizes the situation of each one of these groups.
In a given period + 1, the level of in ationp;+1 is de ned according to the following random

walk proces¥

Pt+1= Pt + &;

whereg is a normally independent and identically distributed in ation shock. We assume that,
in a given period, agents wish to forecast the future in ation radg 1, but they only observe a
noisy signal of this variable. In other words, the agents face a standard signal extraction problem.

To simplify the analysis, in a given periddwe assume that the sigralis de ned as

S = ZPit+1 1 U,

where the coef cienz 0 denotes the pass-through existing between the unobserved variable

pi+1 and its corresponding signal, andu; is a signal noise. We assume that this noise is a
normally independent and identically distributed variable. Moreover, we allow for a non-zero
covariance between both shocks to consider the existence of some elements causing correlated
movements in both the observed signal and the unobserved variable. Therefore, we have

0 1 00 10 11
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Ut 0 Seu S¢

As a further simpli cation, we assume the model has no private information. In other words, all

of the agents receive precisely the same signal. Since the agents face a standard signal extraction

34We opt for a random walk process instead of a rst-order auto-regressive (AR(1)) speci cation because the data
cannot reject the hypothesis that the monthly in ation rate has a unit root. We provide a more thorough discussion in
Appendix D. Also, see Pivetta & Reis (2007) for a discussion on the very high persistence of the (quarterly) in ation
rate in the US. To complete our analysis, in Appendix F, we show the model's results when the in ation series follows
an AR(1) process. These results are very similar to those found under the random walk assumption.
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problem, we assume they generate in ation forecasts using this variable's conditional expected
value. More precisely, given their information set in peripdhe agents apply a linear Kalman

lter to forecast in ation in periodt + 1. Therefore, the in ation's predicted value is given by

Eff [Pea]=(1 zK)E[ 1[peeal+ Ks; (18)

whereK denotes a standard Kalman gdmConditional on agents' past and current signals,
the Kalman Iter approach allows us to characterize the forecasted distribution of the unobserved
variablepi 1 in any periodk. When the signal is perfectly revealing the true state of the variable,
we observe = 1, u; = 0, andsey = 0. Therefore, we concludé = zK = 1 andEXF [pr+1] =
S = pt+1. The presence of a signal noise indu&eg [0; 1) even without a correlation between
both error terms.

Regarding long-run values of in ation expectations, from the Kalman-based forecast equation
and using the random walk structure associated with the in ation variable, we conclude that given

h 1, we must have

EilftF [Pt+n] = Eii;<tF [Pt+1]:
Finally, and considering the parameger (1 zK) 2 [0; 1], the Kalman lter prediction can be
written recursively as

t+1EKF
i;

t .
Ef [Pl = g 1[p0]+Ké g ) zpjr1tu;

j=0
Therefore, using this simple version of the model, we conclude that higher values of past in a-
tion imply a higher forecasting value of this same variable. However, agents' personal experiences

are not associated with heterogeneity in expectations. According to this model, agents who lived

35As usual in the literature, this signal-to-noise ratio is de ned such that it minimizes the variance of the pre-

diction error associated with the unobserved variable, pig4, Ei'ftF [pt+1]. The Kalman gain that solves this op-
timization problem depends on the covariance existipg between the grror associated with the observed signal and
the unobserved variable and the const&nt; 1 = Var pi+1 E{ftF 1[pt+1] . See Cheung (1993) for an example
of a Kalman gain that considers these terms. Regarding the coi$tapt 4, it can be shown that it must satisfy

Stegjt 1 S& Z%Suqt 1+ SE+ 2ZSeu SESwit 1 S& = 0. We opt for a constant Kalman gain as it is a
convenient assumption for the dynamic model explored in the following sections. However, we nd similar results
when we use time-varying gains.
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through episodes of high in ation forecast an in ation value identical to those who lived through
episodes of low in ation. Given a starting point assumption where every agent observes the initial
level of in ation, i.e., EXF; [po] = po for every agent, we conclude tha}y" [pr+1] = EXF [pr+ 1]

must hold for every agent. In what follows, to simplify the analysis, we assumd.

To identify an appropriate signal for the empirical counterpart of the expectations formation
model, we follow the evidence presented in D'Acunto et al. (2021), which shows that agents use
their consumption experience to form expectations. More speci cally, Campos et al. (2022), using
the University of Michigan's Survey of Consumers, concludes that consumers highly weigh CPI's
food components when forming in ation expectations. Dietrich (2022) nds similar evidence
using different data sources. Although differences in the composition of individual expenditures
could lead to differences in perceived in ation (D'Acunto et al., 2021), according to data from
the US Bureau of Labor Statistics, the share of food expenditure has no relevant variation across
US cohorts. This fact supports our assumption of a common signal on the underlying aggregate
in ation represented by the food component of the CPI. Finally, D'Acunto & Weber (2022) shows
that consumers use food prices as a reference to form in ation expectations. Therefore, we use the
food component of the CPIl as a common in ation signal for all consurtfers.

Because of timing issues, we use the lagged year-over-year percentage variation of the CPI's
food component. Consumers use past changes in food prices as a signal to forecast future aggregate
in ation. For example, suppose thatin December, an agent forecasts aggregate in ation for the next
12 months, and we presume that consumers make this prediction at the beginning of the month.
In that case, we assume this agent considers November's food in ation to forecast. Therefore,

for the empirical counterpart of the expectations formation model, we asstumptfofd where

ptfofd denotes food in ation in periotl 1. D'Acunto & Weber (2022) show that this behavior is
consistent with consumers' use of food prices to form expectations, as they show that consumers
weigh changes of observed reference food prices, in their case milk, to form in ation expectations.
Hence, we use annual changes in the CPI's food component for the baseline speci cation primarily

because of data availability motives and consistency with recent evidence. In Appendix G, we show

36Food prices can still be a source of heterogeneity if consumers have different consumption baskets. D'Acunto
et al. (2021) show that individual exposure to speci ¢ prices helps explain the heterogeneity in in ation expectations
we observe in the data. While such work highlights important patterns across groups, our focus here is on the common
component. Many of these goods are widely consumed, and being tradable, their price shocks can transmit broadly
and simultaneously across consumers.
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that our results are robust to alternative signals also consistent with the recent empirical evidence

on reference prices.

Figure A10: Experience-based Kalman- lter-based In ation Forecasts by Cohort

(a) Standard Kalman- Iter-based
in ation forecasts (b) In ation rate reference

(c) Experience-based Kalman- lter-based

in ation forecasts
Note: Panel (a) shows the Kalman lter forecast for the common component for selected cohorts, differentiated by their age in 2021. Panel (b)
shows the references for selected cohorts obtained according to the Kalman Iter and given the history of in ation experienced by the corresponding
age group. Panel (c) shows forecasts for selected cohorts according to the Kalman- lter-augmented expectations and considering theegestimate for
from Column 1 of Table 2. Selected cohorts are differentiated by their age in 2021. We further assume that each cohort starts forecasting when they
become 18 years old. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI.

Using monthly data on aggregate and food in ation, we obsgrs 0:15,s2 = 4:09 andsey =

0:03, concludingK = 0:175137
We now perform a forecasting exercise using monthly in ation data and distinguishing agents

3"We detail how we obtain this calibration in Appendix D, while Appendix E provides empirical support for the
Kalman gain being constant across cohorts.
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by cohorts. Given the recursive structure of the Kalman Iter and to initialize the cohort-speci ¢
forecasting process, we assume that in the period in which the cohort representative agent reaches
adulthood and begins forecasting, she uses the previous period's Kalman Iter expected value
as a starting point. We denote the period when agetarts forecasting as peridgl Given

the starting point assumption where the initial level of in ation is common knowledge, we have
EXE 1[pk] = EKT 41lpk] for every agent. Panel (a) of Figure A10 presents the 12-month-ahead

in ation forecasts of different cohorts produced according to the standard Kalman lter. This gure
plots the actual in ation rate and the forecast made by some selected cohorts. The standard Kalman
Iter cannot generate the heterogeneous pattern in expectations observed in the data (i.e., Figure 1).
Under this framework, in ation expectations evolve following an identical process across cohorts.
Therefore, we need to move to a more sophisticated framework to replicate the facts observed in

the data.
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C Normality of Experience-based Expectations

Let f (pt+ 1! t) be the true distribution of future in ation conditional on the currently available

information setl ;. We assume this behaves as

f(peajl ) N EfT [prealisg

whereEKF [p. 1] is the expectation computed according to the standard Kalman Iter. On the
other hand, lef p;. 1]l i;rff be the distribution of the in ation rate conditional on the referential
information set associated with cohartUnder our current assumptions, this distribution behaves

as

fopadl o N EfS [peadit k) 'sZ ;
where

&' MEF [ peea]
t k)

Given these two elements, we de ne the distribution as

Eirﬁf [Pt+1] =

fi(;]t (pt+ 1) = f (pt+ 1j| t) Dﬂt (pt+ 1) ;

where
2 3

f(pr+al 1)
1

D (pt+1) = § é Zis;

ref Tk

f Pt+ 1J| it

R
wherez;.'= 4 (pt+ 1) dpr+ 1 is a term that ensures théf (pr+ 1) integrates to one. Therefore,
under some algebraic procedure, the probability density function of the distribution can be written

as
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KF 2 (+aq)
A exp (pte1 EfY [Preal) Zis

2
25

fi(;qt (Pt+1) =

W

2
Pt+ 1 Eir;?f[pw 1]
—3_exp
p

25§
And we can make the following approximation

8 29

1 2 Pt+1 Eio;lt [P+ 1] 2

fh(Pr1) —P=—exp
Sp 2p >

Zitt
2 15ty
Zsp >

where

E% [P 1] = ENF [peeal+ 0 ENF ol ES'[pra]

Thus, we conclude that

fi?t(pt+1) N Eﬂt[pt+1]?5|§ :
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D Monthly In ation as a Random Walk

Throughout the paper, we consider the monthly in ation to be a random walk process. The
reason behind this is that, with monthly in ation data, we cannot reject the hypothesis of unit root.
To further expand on this, in Table A4 we present the results of AR(1) regressions on the monthly
US in ation rate from January 1960 to March 2022. Column 1 does not consider a constant while

Column 2 does.

Table A4: AR(1) regression for Monthly In ation

1) (2)
Pt 1 0.999*** 0.992%**
(0.993 - (0.982 -
1.005) 1.002)
Observations 747 747
R-squared 0.993 0.981

Note: Table shows the results of AR(1) regressions with the monthly in ation rate in the US from January 1960 to March 2022. Column 1 does
not consider a constant while Column 2 does. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI. 95
percent con dence intervals in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

We see that in both speci cations, the autoregressive coef cient is very close to 1. Furthermore,
the value of 1 falls within the 95 percent con dence intervals. Also, the F-test in which the null
hypothesis is that the autoregressive coef cient is equal to 1 gives a p-value of 0.66 when we do
not consider a constant and a p-value of 0.12 when we consider a constant, such that we cannot
reject the null hypothesis in any of the two cases. Lastly, an augmented Dickey-Fuller test on the
monthly in ation gives a p-value of 0.52, so we cannot reject the null hypothesis of a unit root.
These ndings are in line with those of Pivetta & Reis (2007), who nd that there is a very high
persistence in the quarterly in ation rate in the US.

Given that we take the in ation rate to be a random walk process, we now turn to the calibration

of the Kalman Iter of section B. There, we de ned the agents assume that in ation behaves as

Pt+1= Pt T &;

whereg is a normally independent and identically distributed in ation shock.

Agents also receive a signglgiven by

17



S = Pt+1t+ Uy,

whereu; is a normally independent and identically distributed signal noise.

Furthermore, we assume that the signai is p, °*® wherep, °*? denotes the in ation in period

t 1 of the food component of the CPI. By manipulating the equations, we get

& =Pt Pt+1s
U= Puw1=p > pra

Then, armed with the US monthly in ation and food in ation series from January 1960 to March

2022 we calculate the varianceg, s 2 and the covariancgey,.
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E Constant Kalman Gain across Cohorts

In Section Ill, we argued that cohorts do not react differently to in ation news. Here, we provide
further empirical evidence that supports this fact in a structurally-based fashion. We start from the

standard Kalman lIter speci cation to obtain

Eit[pt+1] = Eixt 1[pt+a]+ K(s  Eix 1[pt+1l);

whereE; [pt+ 1] is the in ation expectation of cohoit 5 is the signal andt is the Kalman gain.
In order to uncover whether cohorts react differently to the signal they are receiving, we estimate

k by cohorts as

Bl = ESSE bl & ks ESSElped I 9
i61941

where we use the in ation expectations coming from agardf cohorti in periodt from the
Survey of Consumer Expectations as the empirical counterpart for the theoretical in ation expec-
tations®. 1; serves as an indicator variable for each cohort, which is de ned by the date of birth. If
different cohorts react differently to the signal they are receiving, then we should obtain different
coef cients across cohorts.

Panel (a) of Figure A1l shows the results. We nd that there are no systematically signi cant
differences across cohorts when it comes to the Kalman gain. We interpret this as evidence that
supports our fact of cohorts not reacting differently to the in ation signals they receive.

An alternative way of de ning cohorts is by the age of the agents at the moment of the survey.

Under this de nition, we estimate

80
Emiclpee ] = ERNf 1lpeeal+ @ ki s ERaf alpeed] 1 (20)
i618
Panel (b) of Figure A1l presents the results. As before, we nd there are no systematic differ-

ences in the Kalman gain across cohorts when de ned by current age.

38In order to obtairESSE | [pr+ 1] we assume agents believe in ation behaves as a random walk.
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Figure Al11l: Constant Kalman Gain across Cohorts

(a) Cohorts by date of birth

(b) Cohorts by age
Note: Figure shows the coef cient resulting from estimating Equations 19 and 20. The base cohort in Panel (a) is those born in 1941. The base
cohort in Panel (b) is those who were 18 years old at the moment of the survey. We control for period and individual xed effects.
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F Experience-based Kalman Filter with AR(1) Assumption

In this section, we repeat the forecasting exercise from Section IV but replacing the random

walk assumption with an AR(1) speci cation. Therefore, agents assume that in ation behaves as

Pt+1= rppPt+ &;

where the coef cient , 2 [0; 1] captures the mean-reversion of the in ation variable. Here, we
assume the in ation rate has been properly demeaned.

As before, we assume that the signal is given by

S = ZPt+1t+ Ut

The forecasted value of the in ation variable is

EY [Pl = (1 zK)E[ 1pea]+ Ks;

where the difference now lies in the fact that agents use the AR(1) assumption to forecast the

in ation rate such that

Ei}ftF [Pe+n] =1 S 1E=$tF [P+ 1]

In this section we assunze= 1,r = 0:99,5¢ = 0:15,s, = 409 andsen= 0:063° This gives
K= 0:175.

Table A5 presents the result of the parameter estimation. In this gase, 0:612. Finally,
Figure A12 presents the comparison of the forecasts with the AR(1) assumption and the observed
forecasts in the data. We nd that, as with the random walk process, this version of the forecast

based on an AR(1) assumption provides a good t to the data.

3%We calibrate the variances and covariance according to Appendix D.
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Table A5: Parameter Estimation, AR(1)
1)
By P12 0.612%

(0.075)
Time FE Yes
Observations 83,991
R-squared 0.100

Note: Table shows results of estimating Equation 5 under an AR(1) assumﬁ-rfi)fr{pt+ 12] is the reference constructed for a respondent ofiage
as explained in the main text. We use population weights. Column 1 has only a time xed effect as an additional control. Robust standard errors in
parentheses. Standard errors clustered by age and period. Dependent variable trimmed at 10 percent and 90 percent in each period. *** p<0.01, **

p<0.05, * p<0.1.

Figure A12: Observed In ation Forecasts and Experience-based Kalman Filter Forecasts, AR(1)

Note: Figure shows binned scatterplot across experience-based Kalman lter forecasts (x-axis) and point forecast in ation expectations according
to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis). Variables demeaned by the intercept. Data go
from June 2013 to December 2021. SCE variable trimmed at 10 percent and 90 percent in each period.
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G Experience-based Kalman Filter with Alternative Signals

Throughout the paper, we use the lagged in ation rate of the food component of the CPI as a
signal of the non-observed aggregate in ation variable. This is based on previous papers that study
how consumers form their in ation expectations based on shopping experiences and food prices
(D'Acunto et al., 2021; D'Acunto & Weber, 2022). In this section, we consider two alternative
components of the CPI as the signals consumers use: food at home and dairy.

Table A6 presents the estimation of the parameter according to each signal. In all cases, we nd
a positive weight on the reference. Moreover, the parameter is close to the baseline from Table 2.

Figure A13 shows how the experience-based Kalman Iter forecasts with alternative signals fare
against the observed in ation forecasts. Using the food at home and dairy CPI components as a

signal provides a decent t to the observed data.

Table A6: Main Parameter Estimation, Alternative Signals

Food at Dairy
home
E{ﬁf [prs12]  0.359%*  (.380***
(0.043) (0.048)
Observations 83,991 83,991
R-squared 0.101 0.100

Note: Table shows results of estimating Equation 5 using alternative CPI components as theli{@fffﬂh 12] is the reference constructed for

a respondent of ageas explained in the main text. We use population weights. Columns have only a time xed effect as an additional control.
Robust standard errors in parentheses. Standard errors clustered by age and period. Dependent variable trimmed at 10 percent and 90 percent in
each period. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A13: Observed In ation Forecasts and Experience-based Kalman Filter Forecasts, Alterna-
tive Signals

(a) Food at home

(b) Dairy
Note: Figure shows binned scatterplot across experience-based Kalman Iter forecasts (x-axis) and point forecast in ation expectations according
to the Survey of Consumer Expectations (SCE) of the Federal Reserve Bank of New York (y-axis) using alternative CPl components as the signal.
Variables demeaned by the intercept. Data go from June 2013 to December 2021. SCE variable trimmed at 10 percent and 90 percent in each

period.
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H External Validity: European Data

We check the external validity of our results using data from the Consumer Expectations Survey
(CES) of the European Central Bank. It contains monthly data between April 2020 and September
2022 for six countries: Belgium, France, Germany, Italy, the Netherlands, and*8pain.

We see that in Europe, lifetime experiences with the in ation rate are also heterogeneous across
cohorts, as we show in Figure A15. Moreover, we see that by 2020 the youngest cohorts had not
been exposed to high in ation rates, but this changes after the high in ation rate episode of 2021
and 2022. After this, the youngest cohorts are the ones that show the highest lifetime average for
the in ation rate, even larger than that of the people who experienced the high in ation rates of the
80s.

In Figure A16 we relate the two previous facts and nd that in Europe, similar to the US, the
larger the in ation rate individuals have experienced in their lifetimes, the higher their in ation
expectations.

Table A7 shows that in Europe, as happened in the US, after controlling for the average lifetime
in ation rate, younger generations do not react more strongly to in ation news than older c6horts.

We now turn to the experience-based Kalman Iter of Section B. Table A8 shows the parameters
that go into the Kalman lIter calibration after using European in ation rate and the food in ation
rate. Then, we estimate the parameter according to equafom5lable A9 in our baseline spec-

i cation of Column 1 we ndq®¥= 0:156. With this parameter, in Figure A17 we plot in ation
expectations according to our experience-based Kalman lIter, across cohorts and in each of the
six countries in our sample. We nd that the oldest cohorts have the highest in ation expectations

before 2021. Then, after 2021 the youngest cohorts start catching up with the oldest ones and even

40There is a relevant difference between the datasets of US and Europe. In the former, we have the exact age of the
respondents. In the latter, we do not have detailed information on the age of the respondents, as they are classi ed in
4 age groups: 18-34, 35-49, 50-70 and 71+.

4IWe con rm the nding with a F-test where the null hypothesis is that all of the interactions are jointly equal to
zero. The test gives a p-value of 0.35, so we cannot reject the null hypothesis.

42Because we do not know the exact age of the respondents, we do not know which are the exact lifetime average
in ation rates they have experienced. Therefore, for this estimation, we assume that every agent in cohort 18-34 has
the lifetime average in ation rate of a 25-year-old, every agent in cohort 35-49 has the lifetime average in ation rate
of a 35-year-old, every agent in cohort 50-70 has the lifetime average in ation rate of a 50-year-old and every agent
in cohort 71+ has the lifetime average in ation rate of a 71-year-old. On the signals used, because the series on the
in ation rate of the food component of the CPI have varying starting dates in the different countries, we replace the
missing values with the observed in ation rate in order to make the starting dates of all countries uniform.
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surpass them in some countries.

Table A9 also shows additional speci cations of the estimation of equation 5. We nd that after
controlling for cohort and country xed effects, we still nd that agents positively weight their
references when forming their expectations. These additional speci cations also tell us that the
heterogeneity in expectations across cohorts is not due to people of different ages or from different
countries facing different consumption bundles or having different preferences, but to the proposed
anchoring-to-the-past mechanism. Thus, it is past experiences that de ne expectations, not age or
the geographic location per 8@.

Lastly, in Figure A18, we compare the in ation expectations generated by our experience-based
Kalman lIter to the survey data. We see that we have a decent t to the data.

We conclude that our ndings from the main text are also valid for Europe. We nd evidence that
supports the claim that i) in ation expectations are also heterogeneous in Europe and ii) can also be

modeled by an experience-based Kalman Iter with positive weight on their historical reference.

Figure Al14: In ation Rate, Europe

Note: The current in ation rate measure is based on the monthly YoY percentage variation of the CPI.
Source FRED.

43See Hajdini et al. (2022a) for a further discussion on this.
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Figure A15: Lifetime Average In ation Rate among Respondents, Europe

(a) 2020 (b) 2021

(c) 2022

Note: Figure shows the mean of the monthly YoY in ation rate that people of the age shown in 2020, 2021, and 2022 have experienced in their
lifetimes, starting when they were age 18. The current in ation rate measure is based on the monthly YoY percentage variation of the CPI.
Source FRED.
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Figure A16: In ation Point Forecast and Average Lifetime In ation Rate, Europe

Note: Figure shows a binned scatterplot across lifetime average in ation rate bins. Variables were residualized by respondent gender and commuting
zone. The data range from April 2020 to September 2022. Ages correspond to the interviewee's age at the time of the survey. The average lifetime
in ation rate measure is based on the monthly YoY percentage variation of the CPI.

Source Consumer Expectations Survey.
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Table A7: Effects of Current and Experienced In ation Rates on In ation Expectations, Europe
Dep. var.: In ation expectations Q) (2) (3) (4)
Average lifetime in ation rate 0.276*  0.244** 0.301* 0.252*
(0.132) (0.100) (0.149) (0.129)

Current in ation 0.351*** (.275***
(0.033) (0.057)

Cohort 35-49 0.155

(0.090)
Cohort 50-70 0.203*

(0.112)
Cohort 71+ -0.401

(0.348)
Currentin ation 35-49 0.074

(0.074)
Currentin ation 50-70 0.122

(0.069)
Current in ation 71+ 0.124

(0.083)
Time FE No No Yes Yes
Controls No No No Yes
Observations 294,232 294,232 294,232 294,232
R-squared 0.128 0.135 0.152 0.164

Note: Table shows regressions where the dependent variable is in ation expectations according to the Consumer Expectations Survey (CES) of the
European Central Bank. Column 1 shows controls for the average lifetime in ation of respondents of a given age at each period in time and the
last in ation measure. Column 2 follows Column 1 but adds cohort xed effects and the interaction of those cohort xed effects with the current

in ation. Column 3 follows Column 1 but adds time xed effects and, hence, omits the current in ation variable. Column 4 follows Column 1

but adds time xed effects and demographic controls. The demographic controls are income, gender, educational level, and country. The current
in ation rate measure is based on the monthly YoY percentage variation of the CPI. Robust standard errors in parentheses *** p<0.01, ** p<0.05,

* p<0.1. Standard errors clustered by age. The dependent variable is trimmed, dropping the lower and upper 10 percent of answers in each period.

Table A8: Experience-based Kalman Filter Parameters, Europe

s s2 Seu K
Belgium 0.16 2.51 -0.28 0.24
France 0.09 2.63 -0.14 0.17
Germany 0.12 3.13 -0.15 0.18
Italy 0.23 3.38 -0.38 0.24
Netherlands 0.13 3.54 -0.18 0.18
Spain 0.45 5.83 -0.65 0.26

Note: We obtain this calibration for each country following the steps outlined in Appendix D. The data for these calculations goes from January
1971 to October 2022.
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Table A9: Parameter Estimation, Europe
1) (2) (3) (4)
Eir;‘f‘;f [pt+12]  0.156*** 0.208*** 0.094*** 0.060***

(0.011) (0.016) (0.011) (0.018)
Time FE Yes Yes Yes Yes
Controls No Cohort Country Cohort,
country
Observations 271,311 271,311 271,311 271,311
R-squared 0.122 0.130 0.132 0.140

Note: Table shows results of estimating Equation 5, but changing the dependent variable for in ation expectations according to the Consumer

Expectations Survey (CES) of the European Central Bank. We use population weights. The independentﬁ?%fr[@blqz] is the reference
constructed for a respondent of aigas explained in the main text. Column 1 considers a time xed effect as a control. Column 2 has time and
cohort xed effects. Column 3 has time and country xed effects. Column 4 has time, cohort, and country xed effects. Robust standard errors in

parentheses. Dependent variable trimmed at 10 percent and 90 percent in each period. *** p<0.01, ** p<0.05, * p<0.1.
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