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Abstract

We show within a New Keynesian model with experience-based learning (EBL)
that heterogeneous expectations across age groups impair the ability of monetary
policy to stabilise the economy. While experience effects on expectations reduce
the transmission of monetary policy on inflation, they attenuate the stabilisation
trade-off that monetary policy faces when aiming to stabilise both inflation and
the output-gap under supply shocks. Moreover, under EBL, a variation in the age
distribution has a composition effect on aggregate expectations which are a size-
weighted average over cohort-specific expectations. As the share of old individuals
increases, the composition effect increases the transmission of monetary policy on
inflation but aggravates its stabilisation trade-off under supply shocks.
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1. Introduction

Private sector expectations, which are a key determinant for the implementation of mon-
etary policy, exhibit substantial cross-sectional heterogeneity (e.g. Branch, 2004; Pfajfar
and Santoro, 2010). But despite heterogeneity in expectations altering the propagation
of shocks and transmission of monetary policy (e.g. Branch and McGough, 2011, 2018;
De Grauwe, 2011; Massaro, 2013), the standard New Keynesian model still employs ra-
tional and thus homogeneous expectations.
In the present paper, we relax this assumption and endogenise expectational heterogeneity
in an overlapping generations New Keynesian model featuring Experience-Based Learning
(EBL) (Malmendier and Nagel, 2016).1 Expectations are a function of the different eco-
nomic experiences that individuals made over their lifetime. The resulting expectational
heterogeneity across age groups can considerably impair the ability of monetary policy to
stabilise the economy. Moreover, since aggregate expectations are a size-weighted average
over cohort-specific expectations, a variation in the demographic structure affects aggre-
gate expectations through a composition effect that we call the Experience Channel.
We show that, under EBL, the pass-through of monetary policy on expectations weak-
ens relative to models without experience-effects on expectations. As a result, monetary
policy overstates its influence on inflation if experience effects on expectations are ne-
glected. At the same time, the stabilisation trade-off that monetary policy faces under
supply shocks attenuates under EBL. Further, demographic shifts affect monetary policy
through the Experience Channel that considerably increases the transmission of mone-
tary policy on inflation in older societies. As a result, the trade-off between inflation and
output gap stabilisation aggravates. Hence, when monetary policy wants to assess how a
variation in the demographic structure affects its transmission on inflation, it should take
into account experience effects on expectations.

Experience-Based Learning. Malmendier and Nagel (2016) provide empirical evi-
dence that differences in inflation expectations across age groups are largely driven by
differences in their experienced inflation history.2 Figure 1 illustrates that young cohorts’
expectations are more sensitive to recent observations than those of old individuals.3 The
markers denote one-year ahead inflation expectations of a “young” (red) and an “old”
1This contrasts with earlier studies that introduced expectational heterogeneity either by exogenously
dividing the population into individuals with different forecasting models or endowing agents with a
discrete choice from a finite set of predictors.

2Experiences are also relevant for individuals’ risk taking behaviour or investment decisions (see e.g.
Kaustia and Knüpfer, 2008; Malmendier and Nagel, 2011). Malmendier et al. (2020a) show that inflation
experiences of Federal Open Market Committee members affect their inflation expectations.

3We extend Figure I from Malmendier and Nagel (2016) by plotting the annual percentage change of the
seasonally-adjusted U.S.-CPI to facilitate the comparison of expected inflation to experienced inflation.
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Figure 1: Realised Inflation vs. One-Year Ahead Inflation Expectations Across Cohorts

Notes: left y-axis: annual percentage change of the seasonally-adjusted U.S.-CPI (solid black line). Right y-axis: quarterly
4-quarter moving average of cohort inflation expectations, expressed as percentage deviations from from the cross-sectional
mean (markers). We take a moving-average to concentrate on lower frequency variation. Inflation expectations are based on
the Michigan Survey of Consumers (question: Expected Change in Prices During the Next Year) from 1978Q1 to 2017Q4.
Cohorts define persons of a certain age group at a specific point in time, i.e. no age group is tracked over time.

(blue) cohort as deviation from the cross-sectional mean (percentage points, right y-axis).
The black solid line depicts the year-on-year realised CPI-inflation from the previous year
(left y-axis). The heterogeneity in expectations across different age groups is particularly
pronounced in the early 1980s, because young individuals whose whole inflation history
consists of the high inflation rates during the 1970s tend to have higher inflation expecta-
tions than those individuals who also observed low inflation during the 1950s and 1960s.
Importantly, the high inflation expectations of young agents are not a function of their
age but of their lifetime experience as can be inferred from the reversal of the ordering at
the end of the sample where recent inflation experiences were extremely low.

A New Keynesian Model with EBL. The present paper embeds EBL into a New
Keynesian model with overlapping generations à la Blanchard (1985) and Yaari (1965).
We assume that agents behave like econometricians who form expectations about future
economic variables based on forecasting models whose parameters they constantly revise
as new data becomes available. In particular, agents forecast future variables with a co-
variance stationary auto-regressive process of order one with time-varying AR parameter,
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which we denote as an agent’s perceived persistence. Following the empirical analysis of
Malmendier and Nagel (2016), agents put more weight on recently observed data points
rather than those observed early in life, while ignoring any data prior to their birth. The
weight attached to new observations when updating beliefs decreases in age, rendering
young individuals more sensitive to new data points than older ones. It is the specification
of the weight by which EBL differs from standard approaches in the learning literature
like Constant-Gain-Learning (CGL) where all cohorts attach the same constant weight to
new information so that expectations are homogenous across cohorts.
Our calibrated model with EBL generates a quantitatively substantial heterogeneity in
expectations across age groups. The expectational heterogeneity in our model stems from
differences in the perceived persistence different cohorts attach to economic variables.
On average, the perceived persistence is more dispersed for young cohorts, because the
parameter estimates of their forecasting rules are based on fewer observations, while more
recent observations are overweighted. As young agents rely on few data points, recurrent
reversals in inflation and the output gap make them perceive both variables to be less
persistent, on average.

Transmission of Monetary Policy. We show that EBL endogenously reduces the ag-
gregate perceived persistence in the economy relative to CGL, because individuals only use
life-time information to forecast macroeconomic variables. The decrease in the aggregate
perceived persistence reduces the impact of monetary policy on expectations. Intuitively,
under adaptive expectations, monetary policy has a delayed impact on expectations by in-
fluencing current macroeconomic variables which are used to revise beliefs only tomorrow.
The aggregate perceived persistence can then be interpreted as the weight agents attach
to past monetary policy actions. As a consequence of the lower impact of past monetary
policy actions on current variables, the transmission of monetary policy on inflation is
impaired under EBL.4 Hence, by neglecting experience effects on expectations, monetary
policy overstates its impact on inflation. Moreover, a model with CGL cannot replicate
the endogenous reduction in the aggregate perceived persistence under EBL unless the
weight individuals attach to new information is set to an empirically implausibly high
value.
We further show that under supply shocks, a higher weight on stabilising the output-gap
increases inflation volatility by less if experience effects on expectations are considered.
Hence, under EBL, monetary policy faces a weaker stabilisation trade-off than under
CGL. However, the lower trade-off follows from the impaired effectiveness of monetary
policy to affect expectations under EBL.
4As shown in Slobodyan and Wouters (2012a), the aggregate perceived persistence in the economy affects
the response of the endogenous variables in response to exogenous disturbances.
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Variations in the Demographic Structure. In response to an increase in the share
of old individuals, the aggregate perceived persistence considerably increases under EBL,
while it is hardly affected under CGL. The different response of the aggregate perceived
persistence can be ascribed to the Experience Channel. Since under EBL the perceived
persistence is heterogeneous across age groups, a variation of the age distribution directly
affects the aggregate perceived persistence through a composition effect. Due to the Ex-
perience Channel, a higher share of old individuals increases the weight individuals attach
to past monetary policy actions when forming expectations. Thereby, the transmission of
monetary policy on inflation increases while its stabilisation trade-off under supply shocks
aggravates.5 Hence, in old societies, monetary policy gets more influence on inflation but
any reduction in the volatility of inflation is associated with a stronger increase in output
gap volatility. If monetary policy neglects the Experience Channel, it understates the
effect of a variation in the age distribution on its transmission to inflation.

Related Literature. Our work is related to several strands of literature.
First, we relate to the adaptive learning literature that studies monetary policy within
a New Keynesian model as surveyed in Eusepi and Preston (2018). In contrast to this
literature, we assume that individuals are agnostic about the minimum state variable
representation of the economy. Instead, they form expectations based on simple autore-
gressive forecasting models as indicated by the empirical evidence of Malmendier and
Nagel (2016). We further assume that the parameters of the forecasting model are recur-
sively updated and differ across age groups so that expectations are heterogeneous across
generations.
Second, we contribute to the literature that analyses monetary policy within a New Key-
nesian model with heterogeneous expectations. This literature is mostly concerned with
determinacy properties in the presence of heterogeneous expectations (see e.g. Branch
and McGough, 2009; Gasteiger, 2014; Massaro, 2013). Expectation-formation in these
studies is time-invariant, whereas our approach allows for real-time updates. Further,
these studies take expectation heterogeneity as given, whereas in our model it arises en-
dogenously from cohorts that had different lifetime experiences. This assigns a role for
the demographic structure to affect the conduct of monetary policy.
Third, there is a literature analysing experience-based expectation heterogeneity in the-
oretical models. However, most focus on asset pricing in partial equilibrium, as Collin-
Dufresne et al. (2016), Ehling et al. (2018), Malmendier et al. (2020b), Nagel and Xu
5This seems to stand in contrast with the Japanese experience of an older society but limited power of
conventional monetary policy. However, the channels through which demography matters for this result,
e.g. a saving glut induced by workers saving for retirement, is different from ours (see Carvalho et al.,
2016). We instead introduce a novel channel of how demography and monetary policy pass-through are
linked.
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(2019), and Schraeder (2015). The only model using EBL in a general equilibrium frame-
work that we are aware of is Acedański (2017), who explores its implication on the wealth
distribution. The present paper is the first one to investigate the impact of the Experience
Channel on monetary policy.
Lastly, we contribute to the growing literature that studies the link between demographic
changes and monetary policy. There is broad agreement that, in the long-run, longevity
and declining birth rates contribute to a reduction in the real interest rate (e.g. Aksoy
et al., 2019; Eggertsson et al., 2019; Kara and von Thadden, 2016), which carries the
risk of a binding zero-lower bound. Wong (2019) and Berg et al. (2020) consider how the
transmission of monetary policy differs across age groups. Both studies deliver different
conclusions on the efficacy of monetary policy in an ageing society. Baksa and Munkácsi
(2020) explore the relation between ageing, inflation and optimal monetary policy. Our
work points to a hitherto unconsidered channel of how shifts in demography affect the
transmission of monetary policy through experience effects.

Structure. Section 2 presents our NK-model with an overlapping generations structure.
In section 3 we explain the details of EBL. Our results concerning the implications of EBL
and monetary policy are discussed in section 4. Finally, section 5 concludes.

2. The Model

In the present section, we consider a New Keynesian framework. However, we deviate
from the standard model (e.g. Galí, 2015) by assuming that households form expecta-
tions based on their lifetime experiences. Conceptually, we follow the statistical learning
(SL, henceforth) literature that assumes agents to forecast future outcomes by using a
simplified model of the economy not knowing its actual law of motion. Agents constantly
revise their beliefs as new observations become available. Since we allow this revision of
beliefs to depend on an agent’s age, we assume households to face a constant probability
of death á la Blanchard (1985) and Yaari (1965).6 Their saving decision involves the for-
mation of inflation and output gap expectations, which depend on their age and lifetime
experiences. This is the only source of heterogeneity across agents. Taken by itself, het-
erogeneous expectations lead to different saving decisions across agents. However, similar
to other literature using boundedly rational agents (e.g. Mankiw and Reis, 2007, Adam
et al., 2016 and Ehling et al., 2018) we abstract from the wealth distribution as an addi-
tional state to focus on the effects stemming from EBL via the expectation operator. To
achieve this we employ the approach of Branch and McGough (2009) as discussed below.
6A similar assumption on demography is made by Ehling et al. (2018) or Galí (2021). Note further that
we exclude the possibility of individuals to retire after their working life to keep the model simple.
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Households own intermediate good producers that use labour to provide an input to a
competitive final good producer whose output households consume. Monetary policy
influences the bond rate according to a Taylor (1993)-rule.

2.1. Households

Households provide labour, form expectations according to EBL and own intermediate
good firms. At each point in time, the mass of households is constant and normalised to
one. They face an age-independent probability, ω ∈ [0, 1], of surviving into the following
period. In turn, at the beginning of each period a share of 1 −ω households deceases and
is replaced by new-born households of equal mass. Consequently, the mass of a cohort
born in period k at time t ≥ k is given by (1 − ω)ωt−k.
A household born in period k maximises the discounted sum of lifetime utility:

Ẽk
t

∞∑
j=0

(βω)j u(ct+j|k, lt+j|k) , (1)

subject to the sequence of period budget constraints:

ptct|k + bt|k = rt−1(bt−1|k + zt|k) + ptwtlt|k + Dt|k , (2)

where β denotes the discount factor, pt the price level and Ẽk
t denotes the subjective

expectations operator, which potentially differs across cohorts k and is specified below.
Households from cohort k receive labour income which is the product of nominal hourly
wages, ptwt, and working hours in cohort k, lt|k. They invest in private one-period nomi-
nal bonds, bt|k, which pay nominal interest rate rt, known as of t, tomorrow. We assume
each household owns equal shares in every firm so that nominal dividends are equal across
cohorts, i.e. Dt|k = Dt.
The time of death is uncertain and households may die with wealth. To avoid the inef-
ficiency of accidental bequests we follow Blanchard (1985) and introduce insurance com-
panies that pay bond shares as annuity payments zt|k and that receive all assets at the
time of death. Profits for a particular company contracting with cohort k are:

πI
t = (1 − ω) bt−1|k − ωzt|k .

Due to free entry insurers make zero-profits so that zt|k = 1−ω
ω
bt−1|k. The above sequence

of period budget constraints is supplemented with a solvency condition of the form:

lim
T →∞

Ẽk
t

{
Rt,T bT |k

}
= 0 , (3)
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where Rt,T = (∏T
s=t+1 rs)−1. We assume the following form of the felicity function:

u(ct|k, lt|k) = ln
(
ct|k
)

+ ψn ln
(
1 − lt|k

)
,

where ψn is a utility weight. Maximising (1) subject to (2) yields the optimal consump-
tion/saving decision:7

1 = Ẽk
t

{
β

ptct|k

pt+1ct+1|k
rt

}
. (4)

Equation (4) denotes the household’s Euler equation. While households of all ages face
the same nominal interest rate, they have different expectations of the real rate. Hence, a
household expecting a high future return, saves more and values future consumption more
than a household whose past experiences make her believe in dismal real future returns.8

Notwithstanding that age-related heterogeneity in expectations implies differences in co-
hort wealth, we aggregate the economy without considering the wealth distribution as an
additional state variable as outlined in Section 2.3.
Furthermore, we follow Evans and Honkapohja (2012) and Slobodyan and Wouters (2012a)
that require near-rational agents to forecast variables only one period ahead (e.g. of vari-
ables in their Euler equation so that the approach is called Euler equation learning).
Hence, the Euler equation for the current period presents households’ decisions as a func-
tion of the expected state of the economy tomorrow only.9

We also derive the labour supply of a household from cohort k that, via different con-
sumption choices among cohorts, is cohort specific:

ψn

ct|k

(1 − lt|k) = wt . (5)

2.2. Firms

There are two types of firms. Final good firms use intermediate inputs to provide an
aggregate consumption good. Intermediate good firms are owned by households and
operate on a monopolistically competitive market. The choice to set up firms as in the
usual NK-model serves to make our departure from the standard case minimal.
7Derivations are delegated to the Internet Appendix.
8Malmendier and Nagel (2011) provide empirical evidence that experience effects in individuals’ expec-
tation formation contribute to differences in their savings decision.

9For further details on the implication of Euler-equation learning on agents behaviour see Appendix B
and Evans et al. (2013). Other approaches assume agents form forecasts on longer horizons, e.g. Preston
(2005).

7



2.2.1. Final Good Firm

The aggregate consumption good in the economy, yt, is produced by a perfectly compet-
itive firm which is aggregating intermediate goods i ∈ [0, 1] produced by intermediate
firms according to the technology:

yt =
[∫ 1

0
y

ε−1
ε

i,t di
] ε

ε−1
, (6)

where ε > 0 is the elasticity of substitution among the intermediate goods, yi,t. The
final good firm chooses the quantities of intermediate goods to maximise its profits. The
demand for intermediate good i is given by:

yi,t =
(
pi,t

pt

)−ε

yt , (7)

where pi,t denotes the price at which the intermediate good firm i sells the input to final
good producers.

2.2.2. Intermediate Good Firms

Each household alive in period t owns an equal share in each intermediate good firm
i ∈ [0, 1] that produces a differentiated good on a monopolistically competitive market.
Since all households are involved in firms to an equal degree, the latter have average
expectations as detailed below. We assume that the share of a deceasing household is
transmitted to a new-born one instantaneously. Production of intermediate good i follows
the technology:

yi,t = lαi,t , (8)

where li,t denotes labour demand of firm i and 0 < α ≤ 1. Intermediate firm i sells its
good at price pi,t but, when changing its price, pays quadratic nominal price adjustment
costs à la Rotemberg (1982). Hence, the firm faces an inter-temporal problem that stems
from the effect of pi,t on future price adjustment costs. The costs of changing prices are
proportional to the nominal value of aggregate production:

ϕ

2

(
pi,t

pi,t−1
− 1

)2

ptyt,

where ϕ measures the degree of nominal rigidity. The adjustment cost increase in the
scale of price changes and in the size of economic activity. Current real period profits,
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di,t = Di,t

pt
, of firm i are given by:

di,t = pi,t

pt

yi,t − wtli,t − ϕ

2

(
pi,t

pi,t−1
− 1

)2

yt .

Taking aggregate prices as given, firm i chooses pi,t and yi,t to maximise discounted profits:

max
pi,t+j ,yi,t+j

Ēt

∞∑
j=0

ωjQt,t+j di,t+j ,

subject to the demand schedule of final good firms (7). The expectation operator Ētzt+1 ≡
(1 −ω)∑t

k=−∞ ωt−kẼk
t zt+1 denotes the aggregated expectations across all cohorts alive in

period t for a generic variable z and is a size-weighted sum of cohort expectations. Note
that the generational structure matters for aggregating the decisions of the households of
different age and especially when aggregating the expectations of differently aged house-
holds. Since households hold equal shares in every firm, firms use a weighted average of
household expectations.10 Further, Qt,t+j ≡ βj ct

ct+j
denotes the aggregate real stochastic

discount factor of households, where ct = (1 − ω)∑t
k=−∞ ωt−kct|k.

2.2.3. Monetary Policy

The nominal interest rate on bonds is determined by a monetary policy authority that
sets it according to a feedback rule:

rt = r̄
(
πt

π

)φπ
(
yt

yn
t

)φy

exp (ϵm
t ) , (9)

ϵm
t = ρmϵ

m
t−1 + νm

t with νm
t

iid∼
(
0, σ2

m

)
, (10)

where r̄, π and yn
t are the steady state interest rate, aggregate inflation and the natural

level of output (derived in the Internet Appendix), respectively. The parameter φπ and
φy denote the feedback coefficients that determine the sensitivity to deviations of inflation
from its steady state and of output from its natural rate, respectively. Last, ϵm

t serves
as monetary policy shock and evolves according to an AR(1)-process. We specify the
monetary policy authority to use current inflation (opposed to its expectation), to avoid
taking a stance on which type of expectations the monetary policy-maker has.
10Coibion and Gorodnichenko (2015) find firms’ inflation expectations to be better captured by household

survey data than by professional forecasters.
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2.3. Equilibrium

Labour Market Equilibrium. As all intermediate firms produce with the same tech-
nology, equilibrium labour demand is symmetric. Aggregate working hours follow as:

ldt =
∫ 1

0
li,tdi =

∫ 1

0
(yi,t)

1
α di = (yt)

1
α ∆p

t = lst = (1 − ω)
t∑

k=−∞
ωt−klt|k , (11)

where ∆p
t ≡

∫ 1
0

(
pi,t

pt

)− ε
α di is an index of relative price distortions. Since all firms face

a symmetric maximisation problem, we focus on a symmetric price equilibrium so that
∆p

t = 1.

Goods Market Equilibrium. An equilibrium on the aggregate goods market requires
that the total number of goods produced, yt, equals the total amount of goods demanded,
taking into account the dead-weight loss due to repricing cost:

yt = ct + ϕ

2 (πt − 1)2yt , (12)

where πt = pt

pt−1
denotes aggregate (gross) inflation.

Bond Market Equilibrium. Private bonds are in zero net supply, that is:

(1 − ω)
t∑

k=−∞
ωt−kbt|k = 0 . (13)

New Keynesian Phillips Curve. Using the FOC on prices of intermediate good firms
and symmetry, one can derive:

(πt − 1) πt = ωĒt

[
Qt,t+1

yt+1

yt

(πt+1 − 1) πt+1

]
+ ε(1 + ηl)

ϕ
(mcr

t − µ) , (14)

where mcr
t are the real marginal cost, µ ≡ ε−1

ε
denotes the steady state markup and ηl =

l
1−l

denotes the stationary labour-leisure share. Note that aggregate inflation expectations,
πt+1, affect πt. According to (14), optimal price setting requires inflation to be a function
of current real marginal cost and expected future inflation.

Linearised Equilibrium Conditions. In the current formulation expectation het-
erogeneity matters for households’ Euler equations and the Philips Curve. To arrive
at an aggregated dynamic IS-curve, we follow the literature and rely on Branch and
McGough (2009). First, we adopt their assumption on higher-order beliefs: house-
hold i’s expectation about what another household k expects, is its own expectation:

10



Ẽi
tẼ

k
t zt+1 = Ẽi

tzt+1, i ̸= k for some generic variable z, which reduces the complexity
imposed on the model considerably.11 Second, we assume agents expect to hold the same
wealth in the limit t → ∞. For each agent i, consumption then equals the long-run
consumption: Ẽi

t (ĉ∞ − ĉi
∞) = 0. This assumption prevents the wealth distribution from

appearing in the aggregated IS-curve, which is beyond the scope of the paper.12 After
linearisation and aggregation we rewrite the model in terms of the output gap ỹt = ŷt − ŷn

t

as a system of five equations and five variables {ỹt, π̂t, r̂t, ϵ̂
m
t , ut, }∞

t=0:

ỹt = Ētỹt+1 −
(
r̂t − Ētπ̂t+1

)
, (15a)

π̂t = βωĒtπ̂t+1 + κỹt + ut , (15b)

r̂t = φππ̂t + φyỹt + ϵ̂m
t , (15c)

ϵ̂m
t = ρmϵ̂

m
t−1 + νm

t , (15d)

ut = ρuut−1 + νu
t , (15e)

where κ ≡ ε(1+ηl)
αϕ

denotes the slope of the NK Phillips curve.13 We introduce the cost-
push shock ut that could stem from a firm-specific shock to marginal cost to have a source
of exogenous variation apart from the monetary policy innovation (see Ireland, 2004).14

To solve the model, we need to specify how agents form expectations next.

3. Expectation Formation

In this section, we specify how different cohorts form expectations on inflation and the
output gap based on Malmendier and Nagel (2016). We first explain how a single cohort
forms expectations and then turn to why experience effects play an important role. Last,
we highlight how the EBL-approach differs from CGL, which is among the most popular
learning approaches.

3.1. Learning

Consider the model that agents use to form expectations. A large part of the literature
assumes that agents know the true state-space representation (hence, they know the rele-
vant variables for the economy’s evolution) but have to learn about the coefficients of this
11For approaches explicitly taking into account higher order beliefs consider Angeletos et al. (2018) or

Farhi and Werning (2019).
12This can be seen when aggregating the linearised Euler equations (see Appendix A). This assumption

cancels the differences in expected consumption at t → ∞ that occur when aggregating expected
consumption for households that have heterogeneous expectations and solve a dynamic problem.

13The PLMs’ updating equations (18a) and (18b) are also part of the model.
14In the Internet Appendix we derive the natural level of output and the natural rate that are zero in

our model.
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representation (e.g. Milani, 2007). Instead, we assume that agents employ a misspecified
forecasting rule; that is, in comparison to having all state variables as regressors, agents
use only a subset of them or no states at all. We adapt the set-up in Malmendier and
Nagel (2016) and specify agents’ PLM as AR(1).15 However, we assume that it does not
include a constant so that agents know the true mean of the model. Consequently, the
PLM of a generic variable zt for a household in cohort k is given by:

zt|k = bz
t−1,kzt−1 + εz

t|k , (16)

where εz
t|k is a disturbance term which is serially-uncorrelated with zero mean and constant

variance, and bz
t−1|k is the estimated parameter of household k at time t−1. In our model,

agents form expectations on the output gap and inflation. Hence, the set of variables on
which agents form expectations is given by Y f ≡ {ỹ, π̂} with zk ∈ Y f .
A further crucial point is the amount of information individuals are able to incorporate
when forming expectations. We simplify the learning process and assume individuals that
form expectations at time t use only information available at time t− 1. By doing so, we
avoid a simultaneity problem that arises when agents use time t endogenous variables to
forecast future realisations, which in turn affects the time t endogenous variables. Hence,
the realisation of time t endogenous variables and the formation of expectations of time
t+ 1 variables are not simultaneously determined.16

The last element of the PLM is how its coefficients develop over time. Let It be the
information set on which households base their forecast at time t. As explained above the
information set It includes all model variables up to t− 1. Consequently, the formation of
expectations occurs before the realisation of the endogenous variables included in Y f

t such
that Ẽk

t (zt) = Ẽk (zt|It) ̸= zt. Instead, using (16), and presuming that the law of iterated
expectations holds for the subjective expectations, households in cohort k forecast:

Ẽk
t (zt+1) = Ẽk

t

(
bz

t|kzt

)
= Ẽk

t

(
bz

t−1|kzt

)
= Ẽk

t

(
bz

t−1|k

(
bz

t−1,kzt−1 + εz
t|k

))
= (bz

t−1|k)2zt−1 , (17)

where for the first equality we use the PLM (dated t + 1) and for the second that point
estimates of the PLM parameters only include information up to t− 1 (see Evans et al.,
2013). The third equality makes use of the fact that agents form expectations before
the current realisation of z such that also today’s realisation is forecasted using the PLM.
Finally, the last equality uses the fact that the PLM parameter estimated with information
15Orphanides and Williams (2005) and Slobodyan and Wouters (2012a) use similar specifications of

agents’ forecasting rule. The choice of order one is further consistent with a model under RE where
variables are also Markov-processes of order one.

16This approach is also consistent with the literature (e.g. Evans and Honkapohja, 2012).
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Figure 2: Timing Assumption of Updating the PLM Parameters

up to time t− 1 is uncorrelated with the error term at time t, i.e. Ẽk
t

(
bz

t−1|kε
z
t|k

)
= 0.

After the realisation of time t shocks, agents update their PLM parameters from bz
t−1|k to

bz
t|k using the following recursive least-squares (RLS, henceforth) algorithm:

bz
t|k = bz

t−1|k + γt|k
(
Rz

t|k

)−1
zt−1ε̂

z
t|k (18a)

Rz
t|k = Rz

t−1|k + γt|k(zt−1z′
t−1 −Rz

t−1|k) , (18b)

for each z ∈ Y f . Here, ε̂z
t|k ≡ zt − bz′

t−1|kzt−1 denotes the forecast error of cohort k and γt|k

gives the (potentially) age-dependent Kalman gain of cohort k that assigns the relative
importance of ε̂z

t|k with respect to the previous estimate, bz
t−1|k and Rz

t−1|k (with Rz
t−1|k

being the covariance matrix of estimates).
The lower the noise in the explanatory variables, the stronger the update. Importantly,
we assume newly-born agents are endowed with a PLM parameter that is equal to the
aggregate persistence parameter of the previous period.17 We summarise the timing as-
sumption in Figure 2.

3.2. Experience-Based Learning

The novelty of EBL lies in the age-dependent form of parameter updating. Concerning
this aspect we deviate from the CGL-literature that sets the gain γt|k equal to a constant
g. Under CGL all agents update equally such that there is no heterogeneity in their
PLM parameters. However, Malmendier and Nagel (2016) provide evidence that the gain
parameter γt|k depends on the amount of lifetime data (or equivalently age), t − k, of
17A newly-born agent follows the conventional wisdom. While several papers consider learning-from-

experiences, the treatment of agents’ initial belief varies: Schraeder (2015) uses initial beliefs that
correspond to RE, Ehling et al. (2018) endow young agents with a small initial information set to
deduct an initial belief and Collin-Dufresne et al. (2016) assume young agents inherit beliefs from their
parents. In Appendix D we assume that each new-born cohort draws its initial parameter from a
normal distribution around the RE estimate, where the normal distribution is truncated at ±1. The
key results remain unchanged.
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Figure 3: Gain and Weights on Past Data

Notes: The left panel denotes the evolution of the gain parameter over age (in years) for three different values of θ (the
estimate of Malmendier and Nagel (2016) is around 3). The right panel shows how a 50 year old agents weights past
information when estimating the parameters of the PLM (again for different θ). The purple line denotes the case of CGL.

individuals in cohort k,

γt|k =


θ

t−k
if t− k ≥ θ

1 if t− k < θ ,
(19)

where θ > 0 determines the degree to which individuals react to recent observations.
Above specification implies, firstly, that expectations are heterogeneous between cohorts.
Secondly, it implies that young agents have higher gains than older ones so that they
update their PLM’s parameters more strongly compared to their older peers.
Both aspects are captured in Figure 3. The left panel plots the gain parameter over age for
different values of θ.18 Young agents have high gains, consistent with the idea that they
have less lifetime observations and, therefore, rely more on current data. The size of gains
also decreases in age; the more so, the higher θ, which reflects that less weight is given
to the more distant past. This is also captured in the right panel of Figure 3. It shows
the implied weights a 50 year (200 quarter) old individual puts on data observed over its
lifetime for different values of θ.19 For θ > 1, data observed early in life receives negligible
weights as an individual ages so that recent data is more important to update the PLM
(data before birth has weight zero - only lifetime information is used). Both panels taken
together imply that, at time t, agents of different age estimate the PLM’s parameters
differently, which results in heterogeneity in expectations across cohorts. Note also that
18The graph is based on Malmendier and Nagel (2016). The Internet Appendix shows how to derive

Figure 3.
19Note that RLS is the recursive formulation of weighted least squares (WLS, henceforth). The weights

inside the weighting matrix contain the gain parameter γt|k and, thus, depend on θ.
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agents of different age use a different amount of information.20 Although in our perpetual
youth structure there may be individuals who use information from the far past, the mass
of such a cohort declines as time passes by. Further, the weight such an individual would
put on this information would be very small, such that this informations’ influence on the
current aggregate expectation is negligible.

3.3. Constant-Gain Learning

A feature of EBL is that agents have different gain parameters depending on their age.
As mentioned above, studies of DSGE models with dynamic non-rational expectations
instead often employ learning algorithms with CGL so that all agents react equally to
new observations. In practice this amounts to replacing γt|k in (18) with a constant, g,
such that the left panel of Figure 3 shows a constant (purple line) across ages. Under this
assumption, agents of different cohorts are homogeneous with respect to their expectation
formation, i.e.

Ẽk
t zt+1 = Ẽtzt+1 = (bz

t−1)2zt−1 ,

for all cohorts k. This setup still retains the feature that new observations (and, hence,
forecast errors) are weighted higher than old observations (right panel of Figure 3). How-
ever, each cohort weights them equally. In the following we will interpret the CGL ap-
proach as the counterpart of EBL where we shut off the effect of experiences on individ-
uals’ expectations. We simulate our model for this specification to study the additional
endogenous source of variation that stems from experience effects alone.

4. Quantitative Analysis

This section presents a quantitative analysis of the model with EBL. We start with a
brief description of our parameter choices. Next, we simulate the model under EBL and
discuss its basic implications. We compare these to a model in which agents update
their parameter estimates with a constant gain, which yields a key result we use for the
subsequent analysis. To shed light on the impact on monetary policy transmission, we
investigate impulse responses to monetary policy shocks under EBL, which we contrast
with those from models with RE and CGL. We also explore how different relative sizes of
young to old cohorts (we call this ”demography”, henceforth) affect results. Finally, we
compare the monetary policy trade-off between output gap and inflation stabilisation in a
20Strictly speaking also newly entering agents would have access to all observations. However, as seen in

the right panel of Figure 3, individuals do not put any weight on observations before birth. This stands
in contrast to the SL-literature in which individuals weigh all data points, no matter how old they are.
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Table 1: Parameter Choices (quarterly)

Variable Value

β Discount factor 0.995 Ann. riskless rate 4%
ψn Utility weight on leisure 1.17 Steady state labour supply of 1/3
ε Elasticity of substitution 9 Mark-up of 12.5%
α DRS parameter 0.66 U.S. labor share
ξ (Inverse) Frisch elasticity 2 Standard choice
ϕ Rotemberg parameter 91.9 Share non-adjusters 75%
φπ Taylor parameter π 1.5 Galí (2015)
φy Taylor parameter y 0.125 Galí (2015)
π Inflation Target 1 Zero-inflation steady state
ω Survival probability 0.995 50 year working-life
ρu Persistence ϵ̂u 0.96 Ireland (2004)
ρm Persistence ϵ̂m 0.50 Galí (2015)
σu Standard deviation νu (in %) 0.15 Ireland (2004)
θ EBL parameter 3.044 Malmendier and Nagel (2016)
g Gain under CGL 0.02 Milani (2007)

model with EBL to models with RE and CGL and, again, consider the role of demography.

4.1. Parametrisation and Solution Method

Parametrisation. One period in the model corresponds to one quarter. We calibrate
the model’s deep parameters to U.S. data (Table 1 gives a summary). Our choice of the
survival probability ω = 0.995 is guided to meet an average life span of 200 quarters,
which represents the working-life of an agent.21 Most of the other parameters are taken
from the textbook model of Galí (2015). The households’ discount factor β is calibrated to
get a steady state real annualised return on riskless bonds of about 4% given our choice
for ω. Furthermore, we set the steady state elasticity of substitution to ε = 9, which
implies a steady state mark-up of 12.5%. The parameter of the production function α is
chosen to be 0.66 in line with the labor share in U.S. data. The Rotemberg adjustment
cost parameter is chosen to match a fraction of non-adjusters of 0.75 in a model with
Calvo price setting.22 As is standard in the literature, we set φπ = 1.5 and φy = 0.125.
Further, the values for the serial correlation coefficient of the cost-push shock, ρu, and
the standard deviation of the innovation σu are set 0.96 and 0.0015, respectively, which
correspond to the values estimated in Ireland (2004). Further, we follow Galí (2015)
and set the serial correlation coefficient the monetary policy shock, ρm, to 0.5. When
computing the impulse response functions to a monetary policy shock, the innovation to
ϵ̂m

t corresponds to an increase of 25 basis points. We choose the learning parameter that
21Agents in our model are workers. We do not model retirement.
22If the fraction of non-adjusters is 0.75 (= average price duration of 4 quarters), ϕ = (ε−1)0.75

(1−0.75)(1−0.75βω) .
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governs the age-dependent gain under EBL as θ = 3.044 (Malmendier and Nagel, 2016)
and the CGL parameter g as 0.02 according to Milani (2007) and much of the learning
literature. Finally, steady state inflation is targeted to be one while the time devoted to
labour in steady state is 1/3.

Solution Method. We simulate the model under (i) EBL, (ii), RE, and (iii) CGL for the
same random sequence of supply shocks, while setting the monetary policy innovation to
zero. To initialise the PLM parameters for the learning models, we simulate the economy
under RE for Tinit = 120 quarters and estimate an AR(1) model for inflation and the
output gap. The estimated AR(1) coefficients for both variables serve as the respective
initial PLM parameter for the models with EBL and CGL. To start model simulations,
we endow each cohort with the same initial persistence parameter, bz

−1|k = bz
−1, and

the same covariance matrix of estimates Rz
−1|k = Rz

−1 for z ∈ Y f both of which are
updated subsequently. We then simulate the economy for Tsim = Tb + 10, 000 quarters,
where Tb = 300 is the number of periods that are discarded to wash out the impact of
the initial values from the simulation of the RE economy. Each period, a member of
cohort k updates its parameter estimate and the covariance matrix according to equation
(18). Similar to Slobodyan and Wouters (2012a), we restrict agents to rely on covariance
stationary forecasting models: we invoke a projection facility and restrict the new estimate
to induce a stationary AR(1) process which requires |bz

t|k| < 1 for all cohorts k and
z ∈ Y f .23 Evans and Honkapohja (2012) argue that agents want to avoid explosive paths
of the economy such that the agent chooses its parameter estimate accordingly. Each
new born cohort’s initial parameter equals the aggregate persistence parameter of the
previous period. Further, since there is a infinite number of cohorts, we need to choose
a finite number of cohorts for our simulation exercise. A high number of cohorts reduces
the approximation error but is subject to the curse of dimensionality. Since the baseline
model calibrates the survival probability such that the expected lifetime is 200 quarters,
we restrict the number of cohorts in the aggregation to be 200 and normalise cohorts
weights to sum to one. A detailed description of the algorithm is found in Appendix C.

4.2. Expectation Heterogeneity and the Experience Channel

In this section we discuss the key implications of EBL that matter for the analysis of
monetary policy. In particular, young individuals’ perceived persistence is, on average,
lower and more volatile relative to old individuals. As a consequence under EBL, the
aggregate perceived persistence in both inflation and the output gap is on average lower
23The restriction is invoked in only 6% of updates for PLM parameters under EBL. This falls to 2%

when we marginally increase the bound on parameter estimates. Its usage is then similar to the one in
Slobodyan and Wouters (2012a).
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Figure 4: Distribution of PLM Parameters in the Model with EBL

Notes: The blue histogram denotes the distribution of PLM parameters for young (k = 10) individuals while the red
histogram shows the distribution of the PLM parameters for old (k = 158). The left part shows the PLM parameter for
the output gap while the right part shows the PLM parameter for inflation. We simulate the economy for 10, 000 periods.

compared to an economy where we shut-off experience effects, i.e. assuming CGL. This
result follows from the effect of taking into account also very young agents on aggregate
expectations.

Perceived Persistence. As pointed out in Malmendier and Nagel (2016), an important
feature of EBL is that young agents’ beliefs are more sensitive towards new observations
compared to those of older individuals. In our model, the source of heterogeneity in expec-
tations across cohorts stems from the heterogeneity in individuals’ perceived persistence
of both inflation and the output gap. In Figure 4 we plot the ergodic distribution of PLM
parameters for individuals of cohort k = 10 and k = 158 for 10, 000 simulated periods.
The left part of Figure 4 shows the distribution of PLM parameters for the output gap,
while the right part shows the distribution of PLM parameters for inflation.
Figure 4 demonstrates that the perceived persistence in both the output gap and infla-
tion of young agents is on average more dispersed and smaller relative to the one of old
agents. There are two key driving forces that explain this finding. First, recall that young
individuals rely on a lower amount of information when updating their PLM parameters
and are more sensitive towards new observations. Since the variance in parameter esti-
mates decreases in the number of observations used for updating and since young agents
attach a high weight to new observations when updating, the dispersion of estimates is
higher compared to the one of old agents. Second, young agents’ over-weighting of the
most recent observations and their limited amount of data also imply a lower perceived
persistence, on average. Unless inflation or the output gap stay almost constant for some
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Figure 5: Actual Inflation and PLM Parameters of Young and Old

Notes: The blue line depicts the annualised realised inflation deviation from steady state under EBL. The red lines show
the estimated slope of the PLM for young (dashed) and old (dotted) cohorts. Throuhgout the simualtion we only compare
agents of ages 10 and 158. Hence, we do not follow two single age groups through time.

periods, recurrent reversals make young agents perceive both variables to be less persis-
tent than old individuals. Moreover, recall that we restrict agents to rely on covariance
stationary forecasting models, as in Orphanides and Williams (2007) and Slobodyan and
Wouters (2012b). Intuitively, this assumption ensures that agents reject explosive fore-
casting models with a PLM parameter above one. The combination of a higher dispersion
in young individuals’ beliefs and the truncation of the PLM parameter distribution further
decreases the mean of young individuals’ beliefs.

Intuition Behind the Learning Process. The dynamics of the difference in expecta-
tions is linked to the experienced inflation of each cohort. Figure 5 displays a snapshot of
one simulation path. The blue thick line depicts simulated realised inflation (left y-axis)
and the red lines denote the slope of the PLM for a young (dashed) and an old (dotted)
cohort (right y-axis). Two aspects stand out. First, movements in actual inflation are
reflected in PLM parameters with a lag which is a consequence of the timing assumption.
Recall that the update step only uses information up to the last period, so that any shift
in inflation is included with a one-period lag. Second, PLM parameters of young and
old households differ, which, in turn, determines differences in expected inflation. A key
reason for the difference in the perceived persistence is the fact that young individuals
only use the most recent data to estimate the parameter of their forecasting model. Con-
sider the region around period t = 75. During the preceding ten quarters, inflation stayed
roughly at the same value so that young individuals perceived inflation to be very persis-
tent. In fact, their perceived persistence was higher than the one of old individuals who
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Figure 6: Distribution of PLM Parameters in the Models with EBL and CGL

Notes: The blue histogram denotes the distribution of PLM parameters in the model under EBL while the red histogram
shows the distribution of the PLM parameters under CGL. The left part shows the PLM parameter for the output gap while
the right part shows the PLM parameter for inflation. We simulate the economy with EBL and CGL for 10,000 periods.

already experienced sharp reversals in the inflation. In contrast, around quarter t = 30,
inflation has gone through recurrent reversals during the preceding ten quarters so that
young individuals perceive inflation to be less persistent than old individuals who also ob-
served more stable times of inflation. Figure 5 shows that young individuals, on average,
perceive inflation to be less persistent which is consistent with the results in Figure 4.

Endogenous Reduction in the Aggregate Perceived Persistence. The hetero-
geneity in the perceived persistence across cohorts has important implications for the
aggregate perceived persistence, which, under EBL, is a size-weighted average over cohort-
specific perceived persistences. In Figure 6 we compare the distribution of the aggregate
perceived persistence under EBL (blue histogram) to the one obtained under CGL (red his-
togram). Under EBL, the aggregate perceived persistence for both inflation (right panel)
and the output gap (left panel) is lower, on average, and more dispersed. To understand
this finding, note that for the calibration in Table 1, the gain of the representative agent
under CGL maps into the gain of an individual with a 38 year working life under EBL.
For any individual in the model with EBL that is younger than the representative agent
under CGL, the perceived persistence of both inflation and the output-gap is lower, on
average, and more dispersed. If the mass of individuals younger than the representative
agent under CGL is sufficiently high, also the aggregate perceived persistence is lower, on
average, and more dispersed. Hence, the age distribution affects the first two moments of
the distribution of the aggregate perceived persistence. EBL endogenously pushes down
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the aggregate perceived persistence of inflation and the output gap, on average.24 Put
differently, CGL overstates the reliance on past data when forming expectations compared
to EBL. As we show in the next section, this is of relevance for the impact of monetary
policy on expectations and its transmission on inflation.

Experience Channel. Since the aggregate perceived persistence is a size-weighted av-
erage over cohort-specific perceived persistences, a variation in the age distribution di-
rectly affects the aggregate perceived persistence through a composition effect, which we
call the Experience Channel. In our model, a variation in the age distribution corresponds
to a variation in the survival probability, ω. As ω decreases, the share of young individuals
increases while the share of old individuals decreases. As shown above, young individuals’
perceived persistence is on average lower than the one of old ones so that the aggregate
perceived persistence for inflation and the output gap decreases in the share of young
individuals. In turn, the aggregate perceived persistence for these two variables under
CGL is hardly affected. Thereby, EBL opens up a new channel by which a variation in
the age distribution affects the transmission of monetary policy.

4.3. The Effect of Monetary Policy Under EBL

We study the effect of EBL on monetary policy and relate the magnitude of this effect
to the age-distribution. We show that the pass-through of monetary policy on aggregate
variables via expectations under EBL is weakened relative to models with RE or CGL.
The attenuation of the pass-through of monetary policy affects both the transmission of
monetary policy shocks as well as its trade-off between stabilising inflation and output gap
closure under supply shocks. We also compare economies with a high share of old cohorts
against an economy with many young cohorts if EBL is used. In older economies the
Experience Channel leads to stronger and more persistent responses to monetary policy
shocks and aggravates the stabilisation trade-off. Thus, models that abstract from expec-
tation heterogeneity based on experience effects miss important factors that determine
the degree of monetary policy transmission.

4.3.1. Transmission of a Monetary Policy Shock

First, we analyse the effect of EBL on the transmission of monetary policy (MP) shocks
and how this effect depends on the age distribution. To explore this we compute gener-
alised impulse response functions in the model with (i) EBL, (ii) CGL, and (iii) RE. The
24In Appendix D, we perform a robustness check by varying key parameters of the model. The core result

regarding the aggregate perceived persistence under EBL remains unchanged.
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Figure 7: IRFs to a MP Shock

Notes: We show the IRFs for key variables in the economies under RE (red), CGL (black) and EBL (blue). We average
responses over 8, 000 iterations to generate mean impulse responses. The output gap, output gap expectations as well as the
monetary policy shock are measured as percentage deviations from their respective steady state while the other variables
are measured as (annualised) deviation from their respective steady state.

monetary policy shock corresponds to a innovation of 25 basis points to ϵ̂m
t . The algorithm

used to compute the generalised impulse response functions is described in Appendix C.

Impact. Consider Figure 7. On impact, a contractionary MP shock affects both the
output gap and inflation negatively. In response, the central bank pushes the nominal
interest rate down. This decrease is, however, not sufficient to offset the exogenous shift
such that the real interest rate increases, on impact. Comparing the initial responses,
both the output gap and inflation react less under EBL compared to the RE model. If we
shut off experience effects on expectations (CGL), we observe similar impact responses of
the output gap and of inflation that become stronger the period after the shock hits the
economy when expectations are revised.

Revision of Expectations. Under both EBL and CGL, individuals revise their beliefs
with a delay of one period. This backward-looking expectation formation is visualised in
the lower half of Figure 7, which illustrates responses of expectations. In the period after
the shock, individuals revise beliefs on future inflation and the output gap downwards,
which feeds back into the current output gap and inflation and creates hump-shaped
responses in Figure 7. The lower impact response of inflation and, to a smaller extent, the
output gap under EBL compared to CGL results from the smaller reaction of expectations
that, in turn, is driven by a smaller aggregate perceived persistence attached to these
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two variables (see Figure 6). Under adaptive expectations the perceived persistence is a
result of past shocks and monetary policy actions. Since agents under EBL attach, on
average, a lower perceived persistence to variables also monetary policy is less able to
affect expectations and thereby contemporaneous variables. As a result the pass-through
of monetary policy on inflation is impaired when we assume EBL. The difference in
the response of the output gap under EBL and CGL is small because the simultaneous
decrease in the real rate (which ceteris paribus increases demand) partly countervails the
impact of more negative CGL-expectations.
Forward-looking RE stand in contrast to adaptive expectations. Agents take into account
the Taylor rule’s impact on the future path of real interest rates as well as the shock’s
persistence when forming expectations. As a result, RE of the output gap react stronger
than those based on CGL or EBL because the persistence of the shock increases the
nominal rate also for future periods, which implies a smaller output gap so that the
expected output gap is lower. As consequence, also expected inflation is less negative
compared to the economies with adaptive expectations in which agents are incapable of
perceiving these changes due to their backward-looking expectations.

Dynamics. The dynamic response of macroeconomic variables under EBL (or CGL)
is quite different compared to the one under RE. While under RE the economy reverts
back to the steady state roughly after ten quarters, deviations in the economy under EBL
are more persistent. This slower reversion to the steady state results from the weaker
pass-through of monetary policy which prolongs the effect of the MP shock compared
to the economy under RE. Moreover, under EBL, agents revise their beliefs downwards
and the shock is more slowly transmitted into their expectations compared to RE where
individuals take into account the actual data generating process and perfectly internalise
the shock process into their expectations. In addition, inflation displays a hump-shaped
response under EBL which results from the backward-looking expectations of agents and
their lagged response to the monetary policy shock. In turn, the output gap does not
display this hump-shaped behaviour but starts reversing to its steady state value directly
after the initial response. Notwithstanding the reduced pass-through of monetary policy
on aggregate demand, the decrease in the real interest rate is sufficient to reverse the drop
in the output gap in the first period after the MP shock hits the economy.
To bring inflation back to its steady state, monetary policy is decreasing the nominal
interest rate by that much that the real interest rate undershoots, which, in turn, results
in an overshooting of the output gap that boosts inflation upwards towards its steady
state. This overshooting is more pronounced if we shut off the experience effect so that
the gap between the inflation responses of the models under EBL and CGL closes.
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Figure 8: IRFs to a MP Shock: Decomposition Under EBL

Notes: We show the IRFs for key variables in economies under EBL. We distinguish the baseline case (blue solid), the
young economy (red), and the isolated Experience Channel (green). We average responses over 8, 000 iterations to generate
mean impulse responses. The output gap and the monetary policy shock are measured as percentage deviations from their
respective steady state while the other variables are measured as (annualised) deviation from their respective steady state.

Demography. Next, we focus on the impact of a demographic shift in the model with
EBL and analyse the effect on the transmission of the monetary policy shock.25 In the
perpetual youth model, a change in the demographic structure corresponds to a change
in the survival probability ω. To illustrate the effect of the demographic structure we
reduce the survival probability to 0.9. A change in the survival probability affects,

1. the effective discount factor, β̃ ≡ βω

2. the slope of the Phillips-Curve (via the change in β̃)

3. under EBL, aggregate expectations, Ēt.

For the sake of the argument, we shut-off channels 1. and 2. by varying β such that β̃
stays constant and only consider the variation that stems from channel 3.. In Figure 8, the
solid blue line denotes responses in the baseline (ω = 0.995) economy and the green line
shows the impulse response function under EBL when the survival probability is lowered
to 0.9 and only affects the economy through the Experience Channel (channel 3.). In
contrast the dotted blue line denotes responses when all channels are active.
As discussed in Section 4.2, an increase in the share of young agents (i.e. decrease in ω)
reduces the aggregate perceived persistence of both inflation and the output gap via the
Experience Channel. Thus, in the young economy (blue dotted line) the pass-through of
monetary policy is reduced. The lower aggregate perceived persistence reduces the impact
25In the Internet Appendix we perform the same exercise for the models under RE and CGL. Given no

Experience Channel exists, differences between a young and an old economy are small.
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response of the output gap and inflation. Further, the response of both variables displays
less persistence compared to the baseline economy as the aggregate perceived persistence
is lower.
The Experience Channel alone generates a considerable decrease in the transmission of
monetary policy on inflation. In particular, the additional variation in the transmission
of monetary policy when taking into account all three channels 1.-3. is relatively small.
When taking into account all channels, the impact response is slightly more pronounced
compared to the response that accounts only for channel 3.. This stems from the higher
slope of the NKPC which increases the sensitivity of inflation to movements in aggregate
demand. However, the persistence of the response is lower because (i) current inflation
is less sensitive to inflation expectations because β̃ decreases, and (ii) the transmission of
monetary policy is higher through the increase in the slope of the NKPC.

4.3.2. Trade–off Under Supply Shocks

Next, we compare different Taylor rule calibrations with respect to their ability to close
the output gap and to stabilise inflation under supply shocks. In the context of the NK
model, it is a well-known result that the Taylor rule is incapable to close the output gap
and to stabilise inflation at the same time when supply shocks perturb the economy (e.g.
Galí, 2015). Since EBL impairs the monetary policy transmission, the trade-off may also
be affected. Starting from the baseline parametrisation of the Taylor parameters (φπ, φy),
we successively increase monetary policy’s output gap stabilisation motive (increase φy up
to 1), while holding constant the Taylor parameter on inflation (φπ = 1.5). The results are
shown in Figure 9 where we plot the standard deviation of the output gap (σy) against the
one of inflation (σπ) for each combination of (φπ, φy). The blue line displays the results
under EBL, the black line shows corresponding results when we shut off the experience
effects (CGL) and the red line displays the simulation results under RE.
On the one hand, the monetary policy trade-off between closing the output gap and
stabilising inflation under supply shocks prevails under EBL. As we increase the Taylor
coefficient on the output gap, its volatility decreases, while inflation volatility increases.
On the other hand, the policy frontier shifts inwards under EBL which implies that for
each combination of the Taylor coefficients, the output gap is less volatile. In contrast to
CGL, the slope of the policy frontier is also flatter, i.e. the trade-off attenuates.
The inward shift of the EBL policy frontier is explained by two effects. First, the pass-
through of monetary policy is weaker under adaptive expectations in general. RE are
forward-looking and consider the Taylor rule’s impact on the future path of real interest
rates, which directly affects the current output gap via the Dynamic IS Curve. Under
EBL (and CGL), in contrast, agents’ expectations are backward-looking. They fail to
project the effect of monetary policy on the future path of the real interest rate. As a

25



1.6 1.7 1.8 1.9 2 2.1 2.2 2.3 2.4 2.5

0

0.5

1

1.5

2

2.5

3

3.5

4

Figure 9: Monetary Policy Frontier Under a Supply Shock

Notes: We define a grid of points for φy . We then simulate the economy as described above for 10, 000 periods for each
grid point while holding φπ = 1.5. We then plot the standard deviation of the output gap against the one for inflation for
the models under EBL (blue), CGL (black) and with RE (red). Units are in percent deviation from the steady state.

consequence, the effect of the real interest rate on aggregate demand is subdued which
dampens the effect of aggregate demand on inflation (relative to the model with RE).26

Second, the aggregate perceived persistence on both, inflation and the output gap, is, on
average, lower under EBL compared to CGL. In consequence, expectations, and thereby
current variables, react by less to monetary policy or supply-side shocks so that output is
less volatile and the policy frontier shifts inwards compared to the one under CGL.27

The flatter policy frontier in comparison to CGL is also a result of the reduction in
the aggregate perceived persistence. When increasing the output gap stabilisation mo-
tive, nominal interest rate changes more closely follow movements in the output gap and
thereby stabilise it. However, inflation becomes more volatile ceteris paribus. This effect
is amplified via the response of expectations that react to greater movements in current
inflation. If, however, expectational responses are muted, as is the case under EBL, this
effect is weaker so that for an increasing output gap stabilisation motive, the associated
increase in inflation volatility is lower under EBL.
26Note that for an increasing focus on output gap stabilisation, we observe the CGL policy frontier to

be above the one for RE. In these cases the output gap is more volatile despite adaptive expectations.
While RE internalise that nominal rate movements via the simple interest rate rule now follow, and
hence stabilise, the output gap, adaptive expectations do not. Monetary policy’s weaker ability to
influence backward-looking expectations then curtails the reduction in output gap volatility.

27The Internet Appendix performs the same analysis for a higher focus on inflation. Our results remain
unchanged.
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Figure 10: Monetary Policy Frontier Under a Supply Shock: High Constant Gain

Notes: The figure shows the policy frontier in the model under the baseline calibration under (a) EBL, (b) CGL when the
gain parameter is set to g = 0.02; (c) CGL when the gain parameter is set such that the policy frontier under CGL comes
close to the one obtained under EBL (g∗ = 0.12).

EBL vs. CGL. In fact, it is possible to replicate our finding regarding the position of
the policy frontier also with CGL. Figure 10 depicts policy frontiers for models with EBL
and CGL. The solid blue line shows our EBL case in which the gain of agents, depending
on age, ranges from 0.015 to 1. If in contrast, we choose a model based on CGL the
literature (see estimates in Milani, 2007; Slobodyan and Wouters, 2012b) suggests a gain
of g = 0.02 (black line). Only when setting the CGL parameter to g∗ = 0.12 we can
replicate the EBL frontier with CGL expectation formation (light blue). Yet, this does
not invalidate the usage of EBL for two reasons. First, such a value for the gain parameter
is empirically implausible.28 Second, in such an economy the age distribution does not
affect aggregate expectations. The model with EBL reveals that expectation heterogeneity
matters for aggregate outcomes and hence monetary policy. To strengthen this point we,
again, vary the demographic structure and discuss its effect on monetary policy via the
Experience Channel next.

Demography. We consider how the policy frontier is affected by a change in the demo-
graphic structure of the economy by reducing ω to 0.9 (corresponding to a high share of
young agents). Recall that an increase in the share of young agents further reduces the
aggregate perceived persistence under EBL. As can be seen in Figure 11, this reduction in
the aggregate PLM parameter shifts the policy frontier downwards (blue dotted). Hence,
this demography-driven shift reinforces the Experience Channel. Moreover, the slope of
28For example, Milani (2007) finds that the 95% posterior probability interval for the constant gain

parameter to be [0.0133, 0.0231].
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Figure 11: Monetary Policy Frontier Under a Supply Shock: Experience Channel

Notes: In addition to the remarks on Figure 9: we increase the share of young agents while holding the effective discount
rate β̃ = βω constant. We also show the frontiers for the models under EBL in an old economy (blue solid) and in a young
economy. The latter is divided into the full effect (blue dotted) and into the effect from experiences alone (green).

the policy frontier flattens which indicates that a higher weight on the Taylor coefficient
on the output gap increases inflation volatility by less compared to the baseline model
(blue solid). Thus, the trade-off becomes weaker in an economy with a high share of
young individuals. Considering the effect of the Experience Channel alone (green line)
we observe that it already generates a substantial shift of the policy frontier. Intuitively,
in an economy with a higher share of young individuals, the perceived persistence in in-
flation is lower such that the effect of inflation expectations on current inflation is muted.
This reduces the impact response of inflation and the lagged effect of shocks through
inflation expectations on current inflation.29 The total effect is more pronounced as the
effective discount factor is decreasing (channel 1.), which attenuates the effect of inflation
expectations on current inflation even further.30

5. Conclusion

This paper aims to answer the question how experience-based heterogeneity in expecta-
tions affects monetary policy’s effectiveness in stabilising inflation and closing the output
gap. To address this issue, we introduce a NK model with overlapping generations in which
29Conversely, inflation is more responsive in old economies. This is also observed empirically. For a panel

of OECD countries Baksa and Munkácsi (2020) identify a significant and positive impact of a higher
old-age dependency ratio on inflation volatility.

30In the Internet Appendix, we show that if we shut off the experience channel, the demography-driven
shift in the policy frontier is substantially less pronounced and stays close to the policy frontier under
RE.
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individuals forecast inflation and the output gap based on a simplified model. Motivated
by the empirical evidence of Malmendier and Nagel (2016), individuals’ expectations de-
pend on their respective lifetime experiences, which, due to the presence of differently
aged cohorts, creates heterogeneity in expectations.
Expectations heterogeneity in our model is based on the heterogeneity in the perceived
persistence across cohorts. We find that under EBL, the aggregate perceived persistence
in the economy is pushed down relative to a model with CGL where agents attach the
same constant weight to new information. Importantly, we show that a model with CGL
cannot replicate the endogenous reduction in the aggregate perceived persistence under
EBL unless the weight individuals attach to new information is set to an empirically
implausible value.
We find that, under EBL, the pass-through of monetary policy turns weaker relative to
models with RE or CGL. The demographic structure directly affects aggregate expec-
tations, which are a size-weighted average across cohort, through a composition effect,
which we call the Experience Channel. We demonstrate that the Experience Channel
matters for monetary policy in particular as the share of old individuals increases and
highlight two effects. First, the monetary policy trade-off between output gap closure and
inflation stabilisation under supply shocks aggravates. Second, the response of inflation
to a monetary policy shock is both more pronounced and more persistent. Thus, the age
structure is a relevant factor to determine the transmission of monetary policy.

A worthwhile extension of our analysis would be to consider the effect of experience-
based heterogeneity on the conduct of optimal monetary policy. Based on a second-order
approximation of the welfare-function similar to Di Bartolomeo et al. (2016), one could de-
rive welfare-maximizing monetary policy reaction functions. As shown by Di Bartolomeo
et al. (2016), under heterogeneous expectations the welfare loss function entails consump-
tion dispersion across households with different expectations. However, Gasteiger (2018)
questions the practical relevance of the welfare loss function due to the issue that con-
sumption heterogeneity driven by heterogeneous expectations is not readily observable in
the data. However, given the assumption that individuals within the same cohort have
homogenous expectations, the distribution of consumption across age groups is perfectly
observable for policymakers. Hence, EBL might be beneficial for practical reasons when
aiming to analyse optimal monetary policy under heterogeneous expectations.
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Appendix

A. Equilibrium under EBL

We define equilibrium conditions for the EBL economy. Importantly, we perform aggre-
gation of the cohorts’ Euler equation into an aggregate IS-curve.

Aggregation. We follow the literature on heterogeneous expectations that relies on
the axiomatic approach of Branch and McGough (2009) to be able to properly aggregate
the decisions of agents with heterogeneous expectations without including the wealth
distribution as an additional state variable.31 To do so, we rely on two key assumptions
from Branch and McGough (2009):

1. The structure of higher order beliefs: Ẽi
tẼ

k
t xt+1 = Ẽi

txt+1, i ̸= k .

2. Agents expect to return to the same wealth in the long-run: Ẽi
t (ĉ∞ − ĉi

∞) = 0.

Consider again the Euler equation given in (4):

ct|k = βẼk
t

(
ct+1|k

rt

πt+1

)
.

The linearised Euler equation from a household in cohort i is given by:

ĉt|i = Ẽi
t ĉt+1|i −

(
r̂t − Ẽi

t π̂t+1
)

∀i .

Forward iteration of the Euler equation yields:

ĉt|i = lim
j→∞

Ẽi
t ĉ∞|i︸ ︷︷ ︸

≡Ẽi
t ĉi

∞

−Ẽi
t

∞∑
j=0

(r̂t+j − π̂t+1+j) ∀i , (20)

where we used Assumption A5. of Branch and McGough (2009) which states that the
Law of Iterated Expectations is satisfied, i.e. Ẽk

t

(
Ẽk

t+1 (ct+2)
)

= Ẽk
t (ct+2).

The aggregated linearised resource constraint in t and in t+ 1:

ĉt = (1 − ω)
t∑

k=−∞
ωt−kĉt|k = ŷt

ĉt+1 = (1 − ω)
t+1∑

k=−∞
ωt+1−kĉt+1|k = ŷt+1 . (21)

31Examples in the literature that rely in the axiomatic approach of Branch and McGough (2009) are for
example Gasteiger (2014), Di Bartolomeo et al. (2016), Hagenhoff (2018).
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Next, insert the forward iterated Euler equation (20) into the t+1-resource (21) for ĉt+1|k

(for each cohort in t+ 1, respectively) and take expectations of cohort i:

Ẽi
t

(1 − ω)
t+1∑

k=−∞
ωt+1−k

Ẽk
t ĉ

k
∞ − Ẽk

t

∞∑
j=1

(r̂t+j − π̂t+1+j)
 = Ẽi

t (ŷt+1) . (22)

Following Branch and McGough (2009) and the exposition in Hagenhoff (2018) we note
that how one thinks of higher-order beliefs matters for the further steps to aggregation.
The former impose that agents’ expectations about what other agents expect, are equal
to their own expectation, which corresponds to assumption 1. Having departed from RE
and, therefore, having assumed that agents do not know the underlying structure of the
economy, imposing that they can not foresee how others form expectations is a natural
step. Under assumption 1, we can rewrite (22) as:

Ẽi
t (ŷt+1) = (1 − ω)

t+1∑
k=−∞

ωt+1−k

Ẽi
tc

k
∞ − Ẽi

t

∞∑
j=1

(r̂t+j − π̂t+1+j)


= Ẽi
t

(1 − ω)
t+1∑

k=−∞
ωt+1−kck

∞


− Ẽi

t

(1 − ω)
t+1∑

k=−∞
ωt+1−k

∞∑
j=1

(r̂t+j − π̂t+1+j)


= Ẽi
tc∞ − Ẽi

t

∞∑
j=1

(r̂t+j − π̂t+1+j) ,

where the last equality uses assumption 2, which we discuss below, and that weights sum
to one. We use this to substitute the infinite sum of real interest rates in (20).

ĉt|i = Ẽi
tc

i
∞ − Ẽi

t

∞∑
j=1

(r̂t+j − π̂t+1+j) −
(
r̂t − Ẽi

t π̂t+1
)

= Ẽi
t (ŷt+1) − Ẽi

t

(
c∞ − ci

∞

)
−
(
r̂t − Ẽi

t π̂t+1
)
.

Of particular interest is the term Ẽi
t (c∞ − ci

∞), which denotes expected differences of own
consumption and aggregate household consumption in the limit. Branch and McGough
(2009) deal with such a term by assuming that agents agree on expected differences in
limiting consumption so that in aggregation it vanishes. Equivalently, Hagenhoff (2018)
assumes that agents expect to be back at the steady state in the long-run which also
eliminates the term. We use the same assumption but adopt it for our usage in the
following sense: take cohorts, i and k that both expect to have steady state consumption
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in the long-run:

Ẽj
t ĉ

j
∞ = Ẽj

t ĉ∞ ∀ j = i, k .

Now, let cohort i take expectations of the limiting expectations for cohort k and invoke
assumption 1: Ẽi

t

(
Ẽk

t ĉ
k
∞

) 2= Ẽi
t

(
Ẽk

t ĉ∞
) 1= Ẽi

t ĉ∞. Cohorts not only expect to be back at
the steady state but also expect this for others. Assuming agents expect to be back at
the steady state in the long run, in which all consume equally, and having a unit mass of
agents implies c = ck ∀ k for non-explosive PLM-parameters. Under assumption 2:

ĉt|i = Ẽi
t (ŷt+1) −

(
r̂t − Ẽi

t π̂t+1
)
. (23)

Note that (23) holds for all cohorts. Insert into the aggregate resource constraint in t:

ŷt = (1 − ω)
t∑

k=−∞
ωt−kĉt|k = (1 − ω)

t∑
k=−∞

ωt−k
(
Ẽk

t (ŷt+1) −
(
r̂t − Ẽk

t π̂t+1
))

= (1 − ω)
t∑

k=−∞
ωt−kẼk

t (ŷt+1) − (1 − ω)
t∑

k=−∞
ωt−k

(
r̂t − Ẽk

t π̂t+1
)
.

Finally, we use the definition of aggregate expectations, Ētxt+1 = (1−ω)∑t
k=−∞ ωt−kẼk

t xt+1

to receive the aggregate dynamic IS-curve:

ŷt = Ēt (ŷt+1) −
(
r̂t − Ētπ̂t+1

)
. (24)

It remains to rewrite the IS curve in terms of the output gap. We get

ỹt = Ēt (ỹt+1) −
(
r̂t − Ētπ̂t+1 − rn

t

)
where rn

t = Ēt (∆x̂t+1) = 0 . The derivation of the NK Phillips Curves stays unchanged.

Summary. To sum up, we receive the following system of equations:

ỹt = Ētỹt+1 −
(
r̂t − Ētπ̂t+1

)
, (25)

π̂t = βωĒtπ̂t+1 + κỹt + ut , (26)

r̂t = φππ̂t + φyỹt + ϵm
t , (27)

ϵ̂m
t = ρϵ̂m

t−1 + νm
t , (28)

ut = ρuut−1 + νu
t , (29)

where the expectations in the NKPC and in the dynamic IS-curve follow EBL.
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B. Euler Equation Learning

To derive the equilibrium conditions under EBL, we rely on the widely used assumption in
the SL-literature that agents choose consumption plans that satisfy the associated Euler
equations. Under this so called Euler equation learning, agents base their decisions on
the time t trade-off between current consumption and next period’s consumption given
the sequential budget constraint and on the one-period ahead forecast of consumption.
Intuitively, each period agents equate the marginal costs of postponing consumption with
the benefits, taking into account their current budget constraint and their one period
ahead forecast of consumption and inflation.
Evans et al. (2013) argue that this formulation of optimisation behaviour is plausible.
First, a forecast of own consumption in t + 1 is required to make the period t consump-
tion choice. It is helpful to consider what happens under REs. In a model with REs, the
endogenous variables are a function of the relevant state variables in the economy. In our
model, however, agents do not know the REE mapping and are unaware of the consump-
tion function specified under REs. Instead, agents try to learn the RE mapping. Since
the time t trade-off requires agents to form expectations about tomorrow’s consumption
plan without the knowledge of the RE mapping, the agent internalises how tomorrows
consumption evolves given her PLM in mind. Given this PLM, the best "decision" of
consumption tomorrow is plausibly a linear function of current consumption.
Further, agents are assumed to think just one period ahead without explicitly taking into
account the inter-temporal budget constraint. Yet, Evans et al. (2013) show that for a
convergent learning process, the inter-temporal budget is satisfied. Since along the se-
quence of temporary equilibria, agents consumption is equal to its income and by imposing
a solvency condition like the one in equation (3), ex post consistency in the accounting
over the planing horizon of the household that has some strictly positive probability to
live forever is fulfilled. For further details see Evans and Honkapohja (2012).
Convergence of the learning process is an important property of the SL-literature. Usu-
ally, agents learn based on a correctly-specified PLM so that one can derive the conditions
for convergence to the RE equilibrium (called E-stability). Yet, agents in our model learn
based on a misspecified model of the economy, so that convergence to the REE is not
possible. Instead, Evans and Honkapohja (2012) and Berardi (2009) discuss the concept
of a restricted perceptions equilibrium and of a heterogeneous expectations equilibrium,
respectively. Both concepts describe the situation in which agents’ beliefs converged to a
fixed point that, while not being the REE, allows to make the best possible forecast given
the (misspecified) model they use. In our model, expectations are heterogeneous and
based on a wrong PLM. Yet, through simulation we show that PLM parameters converge
to a non-explosive value for old agents (see Figure 5) so that expectations are stable.
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C. Algorithm

As described in section 3, the vector of all endogenous variables, Y , contains a subset
variables that appear with lead, Y f . Households in cohort k forecast future values of
variables z ∈ Y f using the following linear regression model:

zt|k = bz
t−1|kzt−1 + εt|k , (C.1)

where bz
t−1|k is estimated via recursive least squares according to:

bz
t|k = bz

t−1|k + γt|k
(
Rz

t|k

)−1
zt−1ε̂

z
t|k (18a)

Rz
t|k = Rz

t−1|k + γt|k(zt−1z′
t−1 −Rz

t−1|k) . (18b)

where ε̂z
t|k = zt − bz

t−1|kzt−1 denotes the forecast error of an individual in cohort k for the
variable z.

Algorithm

1. Simulate the exogenous process wt.32

2. Simulate the economy under RE for an initial phase of Tinit = 120 periods to get
initial values bz

−1 and Rz
−1.33 In period Tb + 1, we endow all cohorts with the same

bz
−1|k = bz

−1 and Rz
−1|k = Rz

−1 and switch to EBL.

3. We insert the PLM parameters into dynare and obtain policy functions.

4. Using the policy functions, we simulate a new observation of the endogenous vari-
ables in Y using wt from 1.

5. Based on the new observation of z ∈ Y f ⊂ Y we update bz and Rz for each cohort
using (18a) and (18b).

6. We repeat steps 3.-5. for Tsim = 10, 000 periods.

The actual simulation displayed in the graphs discards the first iterations under EBL to
allow the impact of initial values from the RE economy to die out. When we use dynare,
we need to specify the number of cohorts in the mod-file. While, theoretically, agents
can live for infinity (and number of cohorts is infinite), we need to choose a finite number
when specifying the model. A high number approximates the ”true” economy closer but
32For the simulation we rely on Matlab and dynare 4.6.2.
33They follow from a simple least squares regression of z on its lagged value. In that sense initial beliefs

are close to those implied by the RE model.
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comes at the cost of computational complexity. We, therefore, choose the number of co-
horts as 200 (equivalent to a 50-year working life) and normalise cohort weights to sum to
one. We endow the new born cohort with PLM parameters equal to the aggregate PLM
parameter of the last period. A variation of the initial belief did not greatly alter results
(see Appendix D).

In step 6., we use a so-called projection facility (PF, henceforth) to ensure the model
with EBL can be solved. Conceptually, it reinitializes the updating step as soon as new
simulated data implies unstable PLM parameters. We proceed in 2 steps:

Projection Facility

1. We take the updated PLM coefficients and check whether they make they forecast-
ing model explosive, |bz

t|k| > 1. If the forecasting model generates non-explosive
behaviour, we allow the updating step.

2. If behaviour is explosive we proceed as follows:

(a) The problem may lie with the “effective gain” γt|k(Rz
t|k)−1: updating in (18a)

may also for a small gain γt|k lead to explosive values if the matrix Rz has
its smallest eigenvalue close to zero. As outlined by Slobodyan and Wouters
(2012a) this might occur when initial beliefs are derived from the REE. We
follow the authors and invoke a “Ridge correction” for those cases: if the
smallest eigenvalue of Rz is smaller than a constant ι, the inverse of the moment
matrix (Rz)−1 is replaced by (Rz + ιI)−1, where ι = 10−5.

(b) If either the smallest eigenvalue of Rz did not invoke above correction or if
despite correction a household’s forecasting model is explosive, we invoke the
“standard” form of the PF and ignore the updating step.

Two comments are at order. First, our usage of the PF deviates from the “standard” pro-
cedure that ignores the updating step if behaviour is explosive. Any time the PF is used,
information and agent behaviour (generated by our model) are discarded. Using the cor-
rection for the effective gain before the ”standard” PF, constitutes less of an intervention
into the model. Furthermore, although our gain parameter is decreasing, young agents,
by construction, have high gain parameters. Thus, in case the forecast error turns out
to be extremely high (e.g. due to a high shock), especially estimates of young agents are
easily drifting to extreme PLM parameters. While we desire strong updating behaviour of
young agents, we face the trade-off against having extreme PLM parameters. Therefore,
we still invoke the PF that ignores updating steps that lead to parameters ±1. Second,
using the PF can be rationalized by (realistically) assuming that forecasters do not use
explosive models.
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Generalised Impulse Response Functions

Again, to compute the initial parameters for agents’ PLM, we simulate the model with RE
for Tinit = 120 periods and obtain δz

−1 by estimating an AR(1) process for z ∈ {ỹ, π̂}. In the
next step we simulate both the model with EBL under a supply shock for Tsim = Tb +Tirf

periods as described in 3–6, while setting the monetary policy shock to zero. We then
simulate the model under the same path of supply shocks and add an innovation of 25
basis points to the monetary policy shock at time Timp = Tb + 1. We then take the
difference between these two series as the impulse response function to a monetary policy
shock. We repeat this exercise 8, 000 times and take the mean response as the final impulse
response function to a monetary policy shock. In an analogous we way, we compute the
impulse response function to a MP shock in the model with CGL.
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D. Sensitivity Analysis of the Perceived Persistence

In this appendix we check our results regarding the aggregate perceived persistence for
different parametrisations of the model and a variation of initial beliefs.

Robustness w.r.t. θ. The gain to new information is age-dependent under EBL. To
parametrise its behaviour across age groups we use the estimated shape parameter θ of
Malmendier and Nagel (2016). While we set θ = 3.044 to the estimate of their preferred
specification, the authors also provide values for different regression specifications. In fact
our choice of θ is the lowest value provided so that we check the robustness of our results
against the highest estimate in Malmendier and Nagel (2016), θ = 4.144.
Recall that the shape parameter governs how quickly gains reduce across age groups
(see Figure 3). A higher value, hence, will intensify the difference between young and
old agents, which is the root of expectation differences and of our results. Figure 12
compares the distribution of aggregate PLM parameters under both specifications of θ.
As expected, we observe dispersion of parameters to increase as the gain is set to the
highest value estimated by Malmendier and Nagel (2016). In that sense, our results
constitute a lower bound. In particular, the difference to a model with CGL will increase
as results under CGL are unaffected by our choice of θ.

Figure 12: Distribution of PLM Parameters: Variation of θ

Notes: The blue histogram denotes the distribution of PLM parameters in the model under baseline calibration (θ = 3.044)
while the red histogram shows the distribution of the PLM parameters for θ = 4.144. The left part shows the PLM
parameter for the output gap while the right part shows the PLM parameter for inflation.

Robustness w.r.t. κ. In the next step, we explore the sensitivity of the results with
respect to the slope of the NKPC, κ. Such a variation can result from a change in:

41



1. the elasticity of substitution of intermediate goods, ε,

2. the Rotemberg parameter ϕ, and

3. the DRS parameter in the production function, α.

We investigate the effect of a decrease in κ by increasing α to one. In this case, inflation
becomes less sensitive to variations in output. As can be seen in Figure 13, the mean of
the distribution of the PLM parameter for both inflation and output in the model with
EBL is lower relative to the corresponding value in the model with CGL. Hence, the key
mechanism that the perceived persistence of both inflation and output in the model with
EBL is lower, on average, relative to the model with CGL is unaffected. We verified that,
under EBL, the stabilisation trade-off of monetary policy remains less severe relative to
the model with CGL as κ decreases. Moreover, also the transmission of monetary policy
shocks under EBL remains both less pronounced and less persistent relative to the one in
the model with CGL.34

Figure 13: Distribution of PLM Parameters: Variation of κ

Notes: The blue histogram denotes the distribution of PLM parameters in the model under EBL if α = 1 while the red
histogram shows the distribution of the PLM parameters in the model with CGL for α = 1. The left part shows the PLM
parameter for the output gap while the right part shows the PLM parameter for inflation.

Robustness w.r.t. the initial belief. Each new cohort needs to be given an initial
set of PLM parameters to start the RLS updating process. In the main text we assume
that each new cohort uses previous period’s aggregate PLM parameter. Yet, initial beliefs
may be of relevance for the general result with respect to the aggregate persistence as
they change the young agents’ starting point in updating parameters.
34The corresponding simulation results are available upon request.
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Now, we instead assume that each new born cohort draws its initial parameter from a
normal distribution around the RE estimate, where the normal distribution is truncated
at ±1. Figure 14 shows the histogram of aggregate PLM parameters of inflation and
the output gap for the models with EBL and CGL. The key result that the aggregate
persistence is smaller and more dispersed under EBL remains unchanged.

Figure 14: Distribution of PLM Parameters: Variation of Initial Beliefs

Notes: The blue histogram denotes the distribution of PLM parameters in the model under EBL while the red histogram
shows the distribution of the PLM parameters in the model with CGL. The left part shows the PLM parameter for the
output gap while the right part shows the PLM parameter for inflation.
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