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Non-technical Summary

Research Question

Over the course of the 2000s, the effective lower bound (ELB) on policy rates went from being

a theoretical curiosity to a prominent feature of the monetary policy environment. For many

well-known structural reasons, equilibrium policy rates fell below where they were in the 1980s

and 1990s. The experience of the past 20 years demonstrated the challenges that the ELB places

on central banks’ efforts to achieve their mandated policy objectives. In response, central banks

adopted new strategies aimed at offsetting the challenges posed by the ELB. Notably, ELB risks

were an important factor behind the Federal Reserve’s new statement on Longer-Run Goals

and Monetary Policy Strategy it adopted in August 2020 and the ECB’s new Monetary Policy

Strategy Statement issued in July 2021. We examine how private sector agents might learn such

a new strategy and the effect of future shocks such as inflation surge on that process.

Contribution

This paper considers how such a learning process might evolve when a central bank introduces a

new operating framework while at the ELB.We start with a standard NewKeynesian framework

in which the economy is driven to the ELB by large negative demand shocks. The central bank

then announces it is adopting a new policy rule to counter the ELB. But we also assume the

central bank does not announce all of the elements the new policy function, or cannot do so with

full credibility. Instead, agents must learn them.

Results

Little can be discovered until the economy improves enough that rates would be near liftoff

under the old policy regime; learning then proceeds until either the new parameters are learned

or the average inflation target is reached. Recessionary shocks forcing a return to the ELBwould

thus delay learning while large inflationary shocks could outright stop it and so inhibit the ability

of the new rule to address future ELB episodes. We show the central bank can offset some of the

inflation-induced learning loss by deviating from its new rule, but it must weigh the benefits of

doing so against the costs of higher near-term inflation and greater uncertainty about the policy

function.



Nichttechnische Zusammenfassung

Fragestellung

Im Verlauf der 2000er Jahre wurde die effektive Zinsuntergrenze von einem theoretischen Kon-

zept zu einem prominenten Merkmal der geldpolitischen Umgebung. Aus vielen bekannten

strukturellen Gründen fielen die geldpolitischen Zinsraten unter das Niveau der 1980er und

1990er Jahre. Die Erfahrungen der letzten 20 Jahre demonstrieren die Herausforderungen, wel-

che die Zinsuntergrenze für die Zentralbanken bei der Erreichung ihres Mandats und ihrer Poli-

tikziele darstellt. Um flexibler auf die Zinsuntergrenze reagieren zu können, passten die Zentral-

banken daraufhin ihre geldpolitischen Strategien und Ziele an. Insbesondere war die Zinsunter-

grenze ein wichtiger Faktor für das neue Statement der Federal Reserve, welches sie imAugust

2020 verabschiedete, sowie für die neue Strategie der EZB, welche im Juli 2021 veröffentlicht

wurde. Wir untersuchen in diesem Zusammenhang, wie private Agenten eine solche neue Stra-

tegie erlernen können und welche Auswirkungen zukünftige Schocks wie ein Inflationsanstieg

auf diesen Prozess haben können.

Forschungsbeitrag

Dieses Papier untersucht, wie sich der Lernprozess verhalten könnte, wenn die Zentralbank ei-

ne neue geldpolitische Strategie einführt, während sie sich gleichzeitig an der Zinsuntergrenze

befindet.Wir verwenden dafür ein neukeynesianischesModell, in welchem negative Nachfrage-

schocks die Zinsen an die Zinsuntergrenze treiben. Die Zentralbank kündigt in diesem Umfeld

dann an, dass sie eine neue geldpolitische Regel verfolgt, um die Wahrscheinlichkeit der Zins-

untergrenze zu verringern. Wir nehmen jedoch an, dass die Zentralbank nicht alle Elemente der

neuen Regeln ankündigen kann bzw. die Ankündigung nicht glaubwürdig ist. Stattdessen muss

die neue Strategie der Zentralbank erlernt werden.

Forschungsergebnisse

AmAnfang kann die Strategie kaum erlernt werden. Die Wirtschaft muss sich erst ausreichend

erholen, sodass der hypothetische geldpolitische Zinssatz unter der alten Regel in der Nähe ei-

nes positiven Zinssatzes ist. Das Erlernen der Strategie setzt sich dann dort fort, bis entweder

die neuen Parameter erlernt sind oder das durchschnittliche Inflationsziel erreicht ist. Negative

Schocks, die eine Rückkehr zur Zinsuntergrenze auslösen, würden den Lernprozess verlangsa-

men, während große inflationäre Schocks diesen Prozess stoppen können. Wir diskutieren, dass

die Zentralbank den Lernprozess beschleunigen kann, indem sie von ihrer neue Regel abweicht.

Die Zentralbank muss in einem solchen Fall die Vorteile eines schnelleren Lernprozesses gegen

die Kosten einer kurzfristigen erhöhten Inflation und einer erhöhten Unsicherheit bezüglich der

zukünftigen Strategie abwägen.
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1 Introduction

Over the course of the 2000s, the effective lower bound (ELB) on policy rates went from

being a theoretical curiosity to a prominent feature of the monetary policy environment.

For many well-known structural reasons, equilibrium policy rates fell below where they

were in the 1980s and 1990s. Even average business cycle shocks now have the potential

to drive policy rates to the ELB, let alone the large shocks of the Great Financial

Crisis or the Covid-19 pandemic. The experience of the past 20 years demonstrated

the challenges that the ELB places on central banks’ efforts to achieve their mandated

policy objectives.

In response, central banks adopted new strategies aimed at offsetting the challenges

posed by the ELB. Notably, ELB risks were an important factor behind the Federal Re-

serve’s new statement on Longer-Run Goals and Monetary Policy Strategy it adopted

in August 2020 and the ECB’s new Monetary Policy Strategy Statement issued in July

2021.1

A growing body of research shows that under traditional monetary policy strategies

the limits on reducing policy rates presented by the proximity of the ELB imparts a

downward bias to inflation and inflation expectations relative to the central bank’s

target. The expectational bias is a feature of the distribution of inflation over time;

it’s not just an occurrence associated with a large negative shock to the economy. In

turn, this bias impinges on the central bank’s ability to stabilize output and inflation.2

This literature has proposed a range of alternative monetary policy frameworks

to address this inflation bias. These include average inflation targeting, price level

targeting, shadow rate makeup polices, running ”dovish policies” away from the ELB,

and asymmetric reaction functions and target ranges.3

The theoretical solutions proposed in this literature generally involve strong as-

sumptions: completely rational and forward-looking agents; complete credibility of the

monetary authority; and no adjustment lags or other inertias in the economy. Under

such conditions, these models offer clear policy prescriptions and their implementation

works perfectly. Rational agents immediately align their views with the bias-corrected

1See Federal Reserve Board - Monetary Policy (https://www.federalreserve.gov/monetarypolicy.
html) and the ECB’s monetary policy strategy statement (https://www.ecb.europa.eu/home/search/
review/html/ecb.strategyreview monpol strategy statement.en.html).

2See Adam and Billi (2007), Nakov (2008) and Hills et al. (2019).
3Discussions of average inflation and price level targeting are found in Evans (2012), Bernanke

(2017), Hebden and López-Salido (2018), and Bernanke et al. (2019). Shadow rate make up policies
were proposed in Reifschneider and Willams (2000). Dovish policies are discussed in Mertens and
Williams (2019). Bianchi et al. (2021) examine asymmetric reaction functions and target ranges.
Similar asymmetric strategies are advocated by Caballero and Simsek (2022) during temporary supply
contractions when aggregate demand has inertia.

1

https://www.federalreserve.gov/monetarypolicy.html
https://www.federalreserve.gov/monetarypolicy.html
https://www.ecb.europa.eu/home/search/review/html/ecb.strategyreview_monpol_strategy_statement.en.html
https://www.ecb.europa.eu/home/search/review/html/ecb.strategyreview_monpol_strategy_statement.en.html


distribution of inflation generated by the new policy rule.

Of course, the real world is not so clean. New monetary policy strategies need to be

learned and their credibility established. This process can be complicated even away

from the ELB as agents need to estimate the new policy parameters, and it can take

time to hone in on precise values given the noisy relationships between policy rates and

economic outcomes.4 But there are added challenges if a new policy rule is introduced

while rates are mired at the ELB because there is no co-movement between economic

variables and interest rates to inform agents. The central bank’s proclamations may

lead agents to form priors, but there is little they can do in terms of statistical inference

until they actually observe different policy outcomes from what would have occurred

under the old strategy.

This paper considers how such a learning process might evolve when a central bank

introduces a new operating framework while at the ELB. We start with a standard New

Keynesian framework in which the economy is driven to the ELB by large negative

demand shocks. The central bank then announces it is adopting a new policy rule to

counter the ELB. But we also assume the central bank does not announce all of the

elements the new policy function, or cannot do so with full credibility. Instead, agents

must learn them.

The new rule we consider is a form of the average inflation targeting, which adds

a term in the weighted average of past shortfalls of inflation from target to the central

bank’s old policy function. The weighted average inflation shortfall is known to agents,

but the intensity of the central bank’s response to the shortfall is not. The new rule

also contains a policy shock that is uncorrelated with the inflation shortfall. Although

modeled as a random shock, this term is also meant to capture purposeful deviations

from the new policy rule that could be a feature of optimal policy, such as when the

central bank adjusts policy due to risk management considerations.5 Agents know such

shocks can occur, but have to learn about their volatility.

Agents form priors over the unknown parameters when the rule is announced. We

then roll the problem sequentially forward through time, with agents using Bayesian

updating to revise their estimates of the unknown parameters each period. The process

is constructed so that the updated estimates are consistent with equilibrium output

4Erceg and Levin (2003a) for instance study a model in which agents have to learn the inflation
target of the central bank.

5Any rule is only an approximation to optimal policy, and the shock could stand in for the ap-
proximation error. Relevant for our case, even with its asymmetric average inflation target addition,
our rule might not completely capture the optimal response to asymmetric risks posed by the ELB.
For example, Evans et al. (2015) discuss how optimal policy will prescribe slower increases in rates
in response to heightened uncertainty in the neighborhood of the ELB. They also find some statisti-
cal evidence that historically the Federal Reserve has deviated from its baseline policy rule for risk
management reasons.
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and inflation on a period-by-period basis. We let the negative demand shocks dissipate

over time, so that after some time the economy is able to exit the ELB and then

eventually converge to its stochastic steady-state.

Little can be learned about the parameters of the new policy function as long as

economic conditions are such that the shadow rate under the old monetary policy rule

is well below the ELB - for all agents know, the central bank is engaging in cheap

talk, and there is no reason to move away from their priors. The information structure

evolves as the economy improves enough that rates would be near liftoff under the old

policy rule, and then changes radically when the old rule would prescribe liftoff but

the central bank keeps rates at the ELB. Agents can now use the difference between

the prescriptions of the old rule and the ELB to make more accurate inferences about

the new rule’s unknown parameters. And once liftoff occurs, agents can hone in more

precisely on the new policy function. This means that the key time for policymakers

to establish the credibility of the new strategy is around the period when the old rule

would have called for liftoff and in the early stages of rate increases under the new

regime.

Technically, this evolution of the learning process reflects the fact that the likelihood

function component of the posterior distribution of the unknown parameters resembles

a Tobit regression in which the modification to the interest rate rule is the dependent

variable, the explanatory variable is the average inflation shortfall, the error term is the

policy shock, and the censoring point is where the new monetary policy rule prescribes

liftoff. Deep in recession, when there is little chance of being near the censoring point,

the likelihood is flat and the posterior puts almost all its weight on the prior. As a

positive rate becomes increasingly probable, the slope of the likelihood steepens and

moves the posterior away from the prior; the information content of the data increases

further once liftoff occurs and non-censored observations enter the likelihood function.

In terms of macroeconomic outcomes, the new policy rule is calibrated to offset

the disinflationary bias in the ELB and produce long-run inflation expectations that

are anchored at target in a full information environment. In the learning problem,

and under a baseline scenario with no shocks to the policy function, agents’ long-run

inflation expectations are stuck below target until just before the old policy function

would have called for a lift-off in rates. Inflation expectations subsequently rise towards

target, with the pace quickening once lift-off would have occurred under the old rule.

This path of expectations convergence contrasts the immediate jump to the inflation

target seen in the full-information analysis. But is still a marked improvement relative

to the old policy regime, in which long-run inflation expectations would remain stuck

below target. Similarly, the paths for output and inflation generated by the new rule
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with learning are an improvement over outcomes under the old regime, though under

our baseline parameter assumptions they fall short of the full information economy.

To see how the new policy performs, we hit the economy with either further reces-

sionary shocks that drive it back to the ELB or positive demand shocks that generate

a bout of inflation. By construction, if learning is completed when the shocks hits,

the learned-rule performs just like the full information model. In the case of the re-

cessionary shocks, the declines in output and inflation are much smaller than under

the old rule. In the case of the inflationary shocks, the new rule performs very much

like the old rule, as by the time learning has been completed the past average inflation

shortfall has been eliminated and the new and old rules look alike. If a recessionary

shocks hit before learning is complete, the new rule performs better than the old rule

to the degree that the new parameters have been learned prior to the shock. Learning

then progresses as the economy makes its second exit from the ELB. For an inflationary

shock, the new model will generate somewhat higher inflation than the old rule until

the average inflation shortfall is eliminated. This highlights an important feature of

the new rule – because high inflation will drive the average past shortfalls to zero, there

is a natural limit to the ”extra” inflation the new rule can generate. However, if the

inflation shortfall is driven to zero before the new rule is learned completely, then the

economy will still suffer extra losses in output and inflation generated when the next

ELB-inducing recessionary shock hits.

The extra risks posed by such inflation shocks suggest that the central bank might

be tempted to delay liftoff to extend the learning process. We find this does improve

important aspects of the learning process. However, the delay comes at the cost of

higher near-term inflation and greater uncertainty over the monetary policy reaction

function. Such uncertainty is not very problematic in the simple New Keynesian model

we consider, but may be in more complex specifications. The central bank might also

be tempted to hike rates faster than the new rule to battle the higher inflation, but

this curtails the learning process even more severely, with adverse consequences in the

event of future ELB inducing shocks.

The literature about learning new policy rules in the presence of the ELB is limited.

One example is Bodenstein et al. (2022), who consider learning about a price-level

targeting strategy. In their setting agents believe the new rule is changing continuously

over time, but their beliefs are predetermined each period when the model is solved.

This allows the learning problem to be solved analytically using the Kalman filter.

Andolfatto and Gomme (2003) and Erceg and Levin (2003b) develop structural models

with regime changes for monetary policy in which private sector agents have imperfect

information about the regimes. Schorfheide (2005) and Gust et al. (2018) estimate this

4



type of models using likelihood methods. Bianchi and Melosi (2016, 2018) develop a

class of models where agents are uncertain about the persistence of policy regimes.

In all these papers, agents learn about the new policy regime, but there is no

intra-period interaction between the learning process and economic outcomes. This is

convenient for solving the models, but it also means they cannot account for general-

equilibrium effects that could have an important influence on the actions of agents and

the central bank. One contribution of our paper is to simultaneously solve the model for

agents’ updated beliefs about the new strategy and macroeconomic outcomes, and so

capture these influences. Another contribution is the censored likelihood function that

allows for learning even before rates lift off from the ELB and sharpens intuition about

the importance of the periods around liftoff for learning about the new framework.

2 The model

We start with an off-the-shelf New Keynesian model, but work with its nonlinear for-

mulation and not the log-linearization. The model features a standard Euler equation

and Phillips curve (using Rotemberg pricing), where πt is inflation, yt is output, π and

y are their deterministic steady state values, mct are marginal costs, and Λt,t+1 is the

stochastic discount factor:

1 = βRtEt

[(
ϵd,t+1

ϵd,t

)(
ct
ct+1

)σ
1

πt+1

]
(1)

φ
(πt

π
− 1
) πt

π
= (1− ϵ) + ϵmct + φEt

[
Λt,t+1

(πt+1

π
− 1
) πt+1

π

yt+1

yt

]
(2)

The only uncertainty entering this part of the model is the preference shock in the

Euler equation, ϵdt , which is assumed to follow an AR(1) process. All of the parameters

in these equations and the shock process are known to the agents and the central bank.

The new features of the model involve the announcement by the central bank that it

will now follow an asymmetric average targeting monetary policy rule given by:

Rt = max

[
1, R

(πt

π

)ϕΠ

(
yt
y

)ϕY

+ ηzt · 1zt<0

]
(3)

ηzt = ξzzt + σRϵR,t (4)

zt = ρzzt−1 + ϕz (πt−1 − π) (5)

Rt is the (gross) nominal interest rate, and it equals the maximum of the ELB, which we

assume is the zero lower bound of 1, and the interest rate determined by the new rule.6

6Our framework is general enough to incorporate a negative lower bound, including one that is
endogenously determined within a structural model as in Darracq Pariès et al. (2020).
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The first term in the new rule is the usual Taylor prescription, where R is equilibrium

real rate of interest. This is the policy rule followed prior to the introduction of the

new rule. The second term, ηzt ·1zt<0, is the adjustment announced by the central bank,

where 1zt<0 is an indicator function for when zt < 0. This adjustment is a function of

the weighted average of past inflation shortfalls, zt, the intensity of the central bank’s

response to the shortfall, ξz ≥ 0, and a random shock, ϵR,t ∼ N (0, 1), and is in place

as long as zt is negative. Confining the adjustment to periods when average inflation is

below target reflects the new rule’s explicit mission to counter the downward inflation

bias generated by the ELB. The random shock is meant to capture either purposeful

deviations from the new rule, random factors such as measurement error, or technical

issues that may prevent the central bank from setting policy exactly where it wants

to. Conceptually, such a shock should enter the policy rule even if zt > 0, but we did

not do so in order to highlight the implications of such deviations for learning the new

policy rule. We calibrate the new rule so that it exactly offsets the ELB inflation bias

in a full-information setting.

The functional form of the new rule is known to the public, as are the parameters

determining the weighted average of inflation shortfalls, ρz and ϕz. However, we assume

that even though the central bank can announce a new policy, it cannot do so with

full credibility. This is captured by assuming agents do not know the intensity of the

central bank’s response to inflation shortfall, ξz, nor the standard deviation, σR, of the

error term in the policy function adjustment, ϵR,t. Agents use Bayesian updating to

estimate all unknown parameters, and then act as if policy is dictated by their resulting

perception of the monetary policy rule, R̂t:

R̂t = max

[
1, R

(πt

π

)ϕΠ

(
yt
y

)ϕY

+ η̂zt · 1zt<0

]
(6)

η̂zt = ξ̂z|tzt + σ̂R|tϵ̂R,t|t (7)

zt = ρzzt−1 + ϕz (πt−1 − π) (8)

where ξ̂z|t, σ̂R|t, and ϵ̂R,t|t are the estimates agents make at time t for ξz, σR, and ϵR,t.

In the absence of the new policy rule, the model displays the familiar features of

the simple three-equation New Keynesian model. Important for our analysis, future

events have a powerful influence on the present, so that the chance of reaching the

ELB sometime in the future induces a downward bias to inflation expectations that

can impede economic performance today.
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3 Estimating the new monetary policy rule

Suppose zt < 0 but that the ELB is not binding under the new rule, so Rt > 1 is

observed. Then agents also can observe ηzt . Given ϵR,t ∼ N (0, 1), the likelihood of

this observation is:

1

σR

ϕ

(
ηzt − ξzzt

σR

)
where ϕ is the standardized normal density.

When the ELB is binding under the new rule, Rt is censored at 1 and ηzt is unob-

servable. All agents know is that ηzt is small enough to keep rates from lifting off, and

hence is less than an upper bound, η̄zt . The likelihood of this event occurring is given

by:

Φ

(
η̄zt − ξzzt

σR

)
(9)

where

η̄zt = 1−R
(πt

π

)ϕΠ

(
yt
y

)ϕY

> ηzt (10)

and Φ is the standardized cumulative normal density. Note that η̄zt is the difference

between the ELB and the shadow interest rate under the old monetary policy rule.

The bound thus reveals how much work ηzt has to do to prevent liftoff under the old

rule given the observed values for output and inflation.

With both censored and uncensored observations, the likelihood function is a Tobit

regression in which ηzt is the dependent variable, zt is the explanatory variable, the

unknown parameters are ξz and σR and the censoring point is η̄z. However, our problem

is different than the standard Tobit, because we assume the central bank announces the

new policy framework at time t = 1 when Rt = 1, so at the start of the learning process

agents only have censored observations. Accordingly, maximum likelihood estimation

is infeasible during this time.7

Instead, we assume at the time of the announcement, agents form the perceived

monetary policy rule, equation (6), and a set of priors over the unknown parameters,

Ω(ξz|P , σR|P ). The agents then engage in sequential Bayesian updating as they move

forward through time. Specifically, in every period when zt < 0, they choose ξ̂z|t and

7With only censored values, agents are maximizing the standard normal cdf, which is done with

ξ̂z|t → ∞ or σ̂R|t → 0 and Φ
(

η̄z
τ−ξ̂z|tzτ
σ̂R|t

)
→ 1

7



σ̂R|t to maximize the posterior distribution:

∏
τ≤t

{[
1

σ̂R|t
ϕ

(
ηzτ − ξ̂z|tzτ

σ̂R|t

)]
I (Rτ > 1) ·

[
Φ

(
η̄zτ − ξ̂z|tzτ

σ̂R|t

)]
I (Rτ = 1, zτ < 0)

}
· Ω
(
ξ̂z|P , σ̂R|P

)
(11)

Once ξ̂z|t and σ̂R|t are in hand, ϵ̂R|t can be estimated as the residual that sets

R̂t = Rt:

ϵ̂R,t|t =
ηz,t − ξ̂z|tzt

σ̂R|t
(12)

or as the expected value of the standard truncated normal if the ELB is binding:

ϵ̂R,t|t = E
(
ϵz,t|ξ̂z|t, σ̂R|t

)
= −σ̂R|t

ϕ
(

η̄z,t−ξ̂z|tzt
σ̂R|t

)
Φ
(

η̄z,t−ξ̂z|tzt
σ̂R|t

) (13)

Agents stop updating their beliefs when inflation has been running above the central

bank’s target enough that zt reaches zero. When zt ≥ 0 and ηzt = 0 there is nothing

agents can learn about the unknown parameters, ξz and σR, because the policy rate

Rt is no longer dependent on those parameters.

Learning proceeds as follows. The central bank announces the new policy rule when

the economy is deep in recession and η̄z1 >> 0 and z1 << 0. At this time the likelihood

function is uninformative. This can be seen in figure 1, which plots the likelihood

when the data are censored, with the red dot to the right depicting the t = 1 starting

point. The likelihood here is essentially 1 one for many values of ξ̂z|t and σ̂R|t, and

so maximization of the posterior distribution doesn’t move the parameters from their

priors. As the economy improves, η̄z falls and zt rises, moving
(
η̄zt − ξ̂z|tzt

)
/σ̂R|t to

left (the blue arrows). The likelihood becomes informative, and maximization of the

posterior will begin to change the values of ξ̂z|t and σ̂R|t from the priors.

Specifically, consider the first order conditions for the log posterior with respect to

ξ̂z|t when there are only censored data (so Rt = 1 for all τ < t):

∑
τ≤t

−ϕ
(

η̄zτ−ξ̂z|tzτ
σ̂R|t

)
Φ
(

η̄zτ−ξ̂z|tzτ
σ̂R|t

) zτ
2σ̂R|t

− ω

(
ξ̂z|t − ξz,p

σR,p

)
= 0

where ω is the derivative of lnΩ. As long as
(
η̄zt − ξ̂z|tzt

)
/σ̂R|t is very large,

ϕ
[
(η̄zt − ξ̂z|tzt)/σ̂R|t

]
is near zero and nearly all of the weight in estimation is on the

prior; but as η̄zt falls and zt increases, so does ϕ
[
(η̄zt − ξ̂z|tzt)/σ̂R|t

]
, the posterior begins

8
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izontal axis) to the left (blue arrows). The starting point is the red dot.

putting meaningful weight on the likelihood, and the parameter estimates will change.

Note that the likelihood provides information even before the old rule would have

dictated liftoff conditional on {yt, πt}. This is because as η̄zt falls but rates stay at

the ELB, agents put lower weight on: 1) values of σR that would admit a meaningful

probability on large positive realizations of ϵR,t that would accelerate lift-off; and 2)

small values of ξz that would imply little response to the observed zt. More information

is gleaned when liftoff would have occurred under the old rule ( η̄zt turns negative) but

rates remain at the ELB. Once liftoff occurs, non-censored observations on ηzt enter

the calculations, and the likelihood portion of the estimation is now a standard Tobit

regression. Learning slows as zt → 0 and ∂ϕ
[
(ηzt − ξ̂z|tzt)/σ̂R|t

]
/ ∂ξz → 0 for all

ξz and stops completely when zt = 0 and policy reverts back to being determined by

the old rule.

4 Solving and simulating the model

We solve the model using global methods.8 We do so to allow the model’s nonlinearities

to influence economic outcomes. If we solved a linearized version of the model, the only

feedback of learning about the monetary policy rule onto current behavior would occur

through the rule’s effect on expectations of hitting the ELB in the future.9 But learning

about the new rule also reshapes agents’ views about the future volatility of inflation

and output and hence the welfare risks posed by the economy returning to the ELB.

These higher order effects could be important; the multiplicative interactions between

8We use a time iteration algorithm with linear interpolation based on Richter et al. (2014).
9In the standard New Keynesian analysis, higher odds that the ELB will bind and reduce con-

sumption tomorrow induce expected utility smoothing agents to lower consumption today.

9



Parameters Sign Value Parameters Sign Value

Model Parameters

Discount factor β 0.9975 Production function α 1
Relative risk aversion σ 1 Inverse Frisch elasticity η 1
Disutility of labor χ 0.87 Price elasticity of demand ϵ 7.67
Rotemberg pricing φ 79.41 Response Inflation κΠ 2
Response Output κY 0.25 Inflation Target 4 log (Π) 2%
Persistence AIT ρZ 0.875 Deviations AIT ϕZ 0.1
Response to AIT ξZ 1 Std. Dev. of AIT Shock σR 0
Persistence Pref. Shock ρζ 0.6 Std. Dev. Pref. Shock σζ 1.14%

Priors

Prior Mean ξZ EPrior (ξZ) 0.1 Prior Std. Dev. ξZ StdPrior (ξZ) 0.25
Prior Mean σR EPrior (σR) 0.25% Prior Stad. Dev. σR StdPrior (σR) 0.03%

Table 1: Model calibration.

variables in the model have the potential to amplify the effects of shocks relative to

solutions from linear approximations, and so could provide a richer description of the

effects of the ELB than linearized models. Such factors are particularly relevant because

the new rule is specifically aimed at eliminating the non-linear downside risks imposed

by the ELB constraint. Solving the nonlinear model in which the entire distribution of

agents’ beliefs influences their current behavior is necessary to capture them.

We simulate the model sequentially in periods t = 1 through T. Most of the pa-

rameters are fixed and known to agents. The model is calibrated so that ξZ = 1 will

produce long-run expected inflation at the central bank’s target under full rational

expectations. The parameters are shown in Table 1:

Note that we picked the prior means EPrior (ξZ) = 0.1 and EPrior (σR) = 0.25 to be

far away from the true values of 1 and 0. This means agents are taking the central

bank’s announcement with a substantial grain of salt; accordingly, they will have a

good deal of learning to do to discover the new policy framework. Note, too, that

EPrior (σR) = 0.25 is in terms of the quarterly gross interest factor, and so translates into

about a 1 percentage point standard deviation in the annualized policy rate. Shocks

of such size can have a meaningful impact on economic outcomes in the model when

interest rates are low, as they then have a good chance of generating an episode at the

ELB. The effects, however, are small and transitory when interest rates are far from

the ELB given the shock is i.i.d. and our model has no added inertia from lagged values

of consumption or inflation in the IS or Phillips curves. We explore some alternative

priors in the appendix.

We first set a sequence of shocks to the demand curve and the monetary policy

10



function for the entire simulation sample, {ϵd,t, ϵR,t}Tt .10 The current value of ϵd,t is

observed by the agents at time t, but its future values are unknown. All the ϵR,t are

unknown. Each period we initialize ξ̂z|t and σ̂R|t at the values estimated in period t-1

and make a guess for ϵ̂R,t. We then calculate outcomes based on the agents’ perceived

policy rule; that is, we plug these parameter estimates into equation (6) to generate yt

and πt. We then plug these values for yt and πt for into the actual monetary policy rule

(3) to obtain the actual interest rate, Rt. If zt < 0, we then re-estimate ξ̂z|t and σ̂R|t

by maximizing the posterior distribution (11) and recalculate {ϵ̂R,τ |t} using equations

(12) or (13). If the changes in ξ̂z|t and σ̂R|t are small enough to meet our convergence

criteria, we go on to period t+1. Otherwise, we repeat the process until convergence

is achieved.

This general equilibrium approach means that every period economic outcomes are

jointly determined with agents’ parameter estimates and the central bank’s execution

of the policy rule. There are no surprises for either agents or the central bank to

evaluate at the end of the day.11

Figure 2 shows our baseline simulation. Starting in t=1, the economy is hit with

a series of negative preference shocks, ϵd,t (upper left), which drive interest rates to

the ELB (upper right). In period 2, the central bank announces the new policy rule.

The depth of the policy shortfall can be seen by the negative shadow rate under the

new rule (stars, upper right) as well as the declines in output and inflation well below

their steady state values. The upper right-hand panel also shows the interest rate path

under the old policy rule given the output and inflation rates generated by the learning

model (red line).

As the demand shocks dissipate, the economic situation improves. By period 10,

the old monetary policy rule would dictate liftoff, with rates rising quickly to above

their long-run level of 2-1/2 percent before gradually returning to steady state. In

contrast, policy under the new rule delays liftoff until period 12, and rates then slowly

asymptote to the steady state. The new policy is consistent with some overshooting of

both output and inflation above their long-run targets; notably inflation reaches 2-1/2

percent and then gradually returns to 2 percent over time.

Figure 3 describes the learning process. The blue solid lines show agents’ parameter

estimates, while the stars show the true values set by the central bank. The upper

panels show the components of ηzt , while the lower panels show the parameters that

enter its calculation. A small amount of learning occurs before liftoff would have taken

10{ϵR,t = 0}Tt in most of the simulations we consider.
11The general equilibrium approach also saves us the complications of modeling game-theoretic

considerations that would arise if we specified a more stylized sequencing of decision-making by agents
and the central bank.
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Figure 2: Baseline simulation for the new monetary policy strategy introduced during a recession
(blue lines). The economy is hit by a series of negative preference shocks starting in period
1 (upper left); the new rule is introduced in period 2. The dynamics of interest rates (upper
right) are compared with the shadow rate in the absence of the ELB (black dots) and the
real-time old rule without ηzt (black dashed line). Output and inflation are shown in the
bottom panels; the blue dots identify the period of liftoff from the ELB.

place under the old rule (period 10) as agents are able to eliminate values of ξz and

σR that would generate early lift-off under the new rule. Learning about ξz picks up

notably in period 10 as agents observe rates remaining at the ELB instead of lifting

off as would have been occurred under the old rule. Once lift off occurs under the

new rule in period 12, agents can observe ηzt , but they still do not know its individual

components, ξzzt and σRϵR,t, and must continue to estimate them. Indeed, ξ̂z|t and

σ̂R|t remain far from their true values for some time. Learning continues at a moderate

pace until zt gets very close to zero and the interest rate prescriptions under the new

and old rule are essentially the same.

Note that when we solve the model, there is a discrete jump in the estimated

parameters to their true values in period 26. This is largely technical in nature. By that

time the estimated parameters have moved so far from the priors and
(
η̄zt − ξ̂z|tzt

)
/σ̂R|t

is so negative that the combined weights in the posterior of the prior distribution and

the censored component of the likelihood effectively collapse to zero. This means only

the non-truncated portion of the likelihood covering the post liftoff period influences

estimation, and because {ϵR,t}Tt = 0 it perfectly fits the data with {ξ̂z,t, σ̂R,t} = {1, 0}.
The jump would be minimal if we added a small amount of random noise, ϵR,t, to the

true policy rule, equation (3), but we would then have to average over a large number

12
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of draws for {ϵR,t}Tt to derive the parameter estimates and this would greatly increase

the computational time for each simulation. Alternatively, the jump would be smaller

if we had more diffuse priors; for example, as seen in the appendix, larger values of

StdPrior (σR) would admit a longer overlap between the tails of the prior for ξz and the

non-truncated portion of the likelihood and results in a smoother transition of ξ̂z,t to

its true value of 1.

The new monetary policy rule is designed to eliminate the downward biases pre-

sented by the ELB under conventional policy rules. Figure 4 examines how well the

learning model performs this job. To do so, we compare it to two alternatives. The

first is the old monetary policy regime. In this alternative the central bank never an-

nounces a new monetary policy; there is no learning problem, and the path for {yt, πt}
is the rational expectations equilibrium generated by equations (1), (2), and (3) with
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ξz = σR = 0 .12,13 The second alternative is the new policy rule in the full-information

rational expectations environment. This is the case in which agents immediately know

all the elements of the new policy rule; again there is no learning, and the path for

{yt, πt} is the rational expectations equilibrium generated by equations (1) - (3) with

ξz and σR fixed at their true values.

Early during the ELB period, the learning model and the old policy regime produce

similar paths for output, but the learning model generates modestly higher inflation,

reflecting the non-zero prior on ξz. Bigger differences emerge as agents begin to gain

knowledge of ξz and σR . The differences are largest for inflation. Reflecting the

powerful biases generated by the ELB, inflation under the old rule asymptotes to a

level below target, while soon after liftoff inflation under the new rule is close to the

full-information path.14

The lower-right panel shows the evolution of long-term inflation expectations, which

we define as the model’s stochastic steady state conditioned on {ξ̂z|t, σ̂R|t}.15 Expec-

tations under the old rule are stuck below the central bank’s 2 percent target - this is

the well-known downward bias to inflation under the ELB. In contrast, with the new

rule, long-run inflation expectations begin to move up a bit before lift-off would have

occurred under the old rule, reflecting the small degree of learning that takes place

then. Expectations rise quickly after agents see liftoff is delayed, quickly moving to

near the 2 percent target. Complete convergence to target is slow, however, reflecting

the sluggish final stages of the learning process. By design, the full-information model

exhibits an immediate jump to target upon adoption of the new rule; furthermore,

output and inflation do not fall nearly as much during the ELB episode as in the old

regime or the model with learning.

12The old regime differs from our earlier calculations of the shadow rate under the old monetary
policy rule. Those shadow rates, which are key for the agents’ inference problem under learning, were
calculated by plugging the model’s output for {yt, πt} into equation (3) with ηzt = 0; those {yt, πt},
however, depend on {ξ̂z|t, σ̂R|t} and all the previous periods’ data. In contrast, under the old policy

regime, ξz, σR, ξ̂z|t and σ̂R|t do not enter the solutions for {yt, πt, Rt} at all; that is, the outcomes are
what would happen if the central bank never announced a new policy rule.

13Note that agents cannot learn anything extra from comparing the output and inflation paths
between these two scenarios. This is because the difference between the paths solely reflects {ξ̂z|t, σ̂R|t},
and agents already know those values when observing {yt, πt, Rt} under the new regime.

14Recall in the New Kenyesian model, events in the future have a powerful influence on outcomes
today. Importantly, the output and inflation losses under future expected ELB episodes cause lower
output and inflation today through the forward expectations terms in the Euler equation and Philips
curve equations.

15Specifically, for the learning rule this inflation rate is calculated on a period-by-period basis as
what the model converges to when it is run forward from {yt, πt, Rt} conditional on {ξ̂z|t, σ̂R|t} and
with no future shocks to demand or monetary policy. For the old regime, we run only equations (1)-(3)
forward with ηzt = 0; the full information case runs these equations forward using the true values for
ξz = 1 and σR = 0.
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Figure 4: Comparison of outcomes under the baseline simulation of the learning model (blue) with
those for the old monetary regime (black) and the new policy rule under full-information,
in which agents learn the rule immediately (red). The stars identify the period of liftoff
from the ELB in each regime.

5 Performance over time: Future recessions and in-

flations

Our analysis so far has focused on the performance of the new rule when the only

disturbance to the economy is the ELB episode that motivated its adoption. How well

will it perform in a less tranquil environment? To address this question, we examine the

new rule’s performance in the face of subsequent shocks to the economy. We consider

two types of demand shocks; ones that generate another episode at the ELB and ones

that cause a surge in inflation well beyond the central bank’s target.

We first examine shocks that occur in period 31, after the learning process has been

completed and zt has returned to zero. Starting with the recessionary scenario, a large

negative shock to aggregate demand drives the economy to the zero lower bound. As

seen in figure 5, since agents have honed in on the parameters of the new rule before

the shock hit, the performance of the economy under the new rule with learning is

identical to the full information case, delivering a substantially shorter stay at the

ELB and smaller deviations of output and inflation from target than the old policy

rule. The change in policy has been a success.

In the case of the inflationary shock, we impose demand shocks that push inflation

above 3 percent. The results are shown in figure 6. Because of the downward inflation
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Figure 5: Recession shock that occurs after learning is complete. Comparison of outcomes under
baseline simulation (blue) with those for the old monetary regime (black) and the new
policy rule under full-information (red).

bias in the old policy rule, inflation rises somewhat slower under it than under the new

rule, but the overall inflation experience is not much different between the two. This

is because by the time the inflation shocks hit, zt = 0, ηzt · 1zt<0 is no longer operative,

and the old and new policy rules look alike; the only difference between the two is

that agents’ long-run inflation expectations are somewhat lower under the old rule.

Once the shocks have dissipated, inflation and output quickly return to their pre-shock

steady states.

We next consider the case when shocks occur in period 14, after liftoff has occurred,

but before agents have completed learning the new policy rule and while zt < 0. The

consequences of the recessionary shock depend on the degree to which learning has

progressed. In the simulation, the shock hits when ξ̂z|t = 0.6, and as seen in figure

8, this value is large enough that the performance of the economy is only modestly

worse than the full information case and substantially better than under the old rule.

Note, though, that in contrast to the first recession, learning does not re-commence

until liftoff under the under new rule. This is because due to its inferior economic

performance, in the second recession liftoff under the old rule would occur well after

liftoff under the new rule. So learning resumes at only a modest pace after liftoff under

the new rule, and then accelerates once liftoff would have occurred under the old rule

and agents can compare the two paths. In sum, the second recession has significantly
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Figure 6: Inflation shock that occurs after learning is complete. Comparison of outcomes under the
baseline simulation (blue) with those for the old monetary regime (black) and the new
policy rule under full-information (red).

slowed the learning process, but has not derailed it.

With the inflation shock, the economy generates much more inflation under the new

rule until the past inflation shortfall has been completely offset, zt returns to 0 (which

occurs in period 22), the extra term ηzt · 1zt<0 in the monetary policy function is no

longer operative and policy is determined by the same function as in the old regime.16

This result highlights an important feature of the new rule: Because high inflation will

eventually drive zt to zero, there is a natural limit to the ”extra” inflation the new rule

can generate.

However, there are longer-term costs. Because zt reaches zero before the learning

process is complete, so agents carry forward incorrect perceptions of ξz and σr. Ac-

cordingly the economy still displays some long-run disinflationary bias and will suffer

larger shortfalls in output and inflation in the event of a future ELB episode. So not

only has the surge in inflation been costly in direct terms of lost current utility, it also

has prevented the new rule from being completely learned. Ironically, this means that

high inflation might be successful in achieving an average inflation target in the short

run, but could also generate longer-term costs.

16Note the very similar interest rate paths under the two rules, as the higher expected inflation
under the new rule offsets offsets the dampening effect of the ξz term.
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6 A policy dilemma

The results in the previous section suggest that the central bank may tempted to take

some kind of action to influence the learning process in the event of a large inflation

shock. In our model, this means deviating from the new rule. For example, if interest

rates have not yet lifted off from the ELB, the central bank could delay liftoff, allowing

some higher inflation today to emphasize its commitment to eliminating past inflation

shortfalls. Agents would attribute the delay in part to a larger reaction to zt than they

had been estimating, therefore moving ξ̂z,t closer to its true value of 1, and in part as

a policy shock, ϵR,t. Accordingly, the delayed liftoff and associated stronger expected

response to inflation shortfalls would have the benefit of reducing the losses incurred

with future recessionary shocks that threaten to send the economy back to the ELB,

but come with the cost of higher inflation today and increased uncertainty about the

monetary policy reaction function. So the central bank is faced with a policy dilemma

– should it incur the costs of deviating from the new rule for better insurance against

future ELB risks, or should it strictly adhere to the new rule?

To examine these trade-offs, we consider a stark example in which an unexpected

surge in inflation occurs while the economy is still in the neighborhood of the ELB.

We assume large inflationary demand shocks occur in periods 12 and 13 – so just when

liftoff would have taken place in the absence of these shocks. The outcomes of this

exercise under the baseline new policy rule without any deviations are shown in blue

lines in Figure 9. Immediately after the shock, inflation is not yet high for long enough

to push zt > 0 and rates continue to be held down by ηZt . Inflation is strong enough to

generate a sharp liftoff in the policy rate, but not one as large as would have occurred

under the old rule. By period 17, the persistent high inflation brings zt = 0 and rates

look like they would under the old rule. Learning stops and {ξ̂z,t, σ̂R,t} remain at the

values that had been estimated up to this point, 0.5 and 0.24, below the true {ξz, σR}.
Output and inflation return to target around period 22.

We first compare this simulation to one in which the central bank purposefully

does not move rates as aggressively as the new rule would dictate in order to keep

the learning process going. This is achieved by introducing negative shocks to the

monetary policy rule, ϵR,t, beginning at the time when rates lift off from the ELB. The

red dashed lines in the figure show the associated results. With the weaker response,

inflation and output rise faster than in the baseline. By construction, once the shocks

return to zero the rate paths and economic outcomes are essentially the same in the

two scenarios. However, before the scenarios converge, agents see the delay in liftoff

as signaling a stronger response to zt than they had assumed, and ξ̂z,t is much higher

than in the baseline. Note, though, that it still does not converge to one by the time zt
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Figure 9: Inflation shock occurring around the time of liftoff. Comparison of outcomes under baseline
simulation (blue) with monetary policy shocks that result in a less aggressive (red) or more
aggressive (black) response to inflation.

reaches zero. Furthermore, agents do not attribute all of the delay to a larger ξz; they

put some odds on the delay in rate increases reflecting a policy shock, and so boost

their estimate of σR, pushing it even further off the mark than in the baseline scenario.

Alternatively, the large inflationary shock could raise central bank concern over its

ability to reign in inflation expeditiously enough to prevent inflation expectations from

rising above target. If so, it might consider a more aggressive response to the inflation

shock in order to re-assure the private sector of its commitment to both sides of the

inflation target. We model this by introducing a positive shock to the policy function

that results in the central bank lifting off from the ELB more aggressively than dictated

by new rule. The black line shows the results of this exercise. The moves results in

output and inflation overshooting target by a much smaller degree than in the baseline

over the few periods before zt returns to zero in the baseline simulation. But this comes

with a large cost, as ξ̂z,t falls all the way back to the prior and σ̂R increases somewhat.

Accordingly, very little would have been achieved in terms of countering the negative

effects of future ELB episodes.

These exercises highlight the policy dilemma imposed by large inflationary shocks.

The central bank knows that the shock may curtail learning the new policy rule, and

that it can successfully offset some of that effect and boost ξ̂z,t by deviating from

the rule and providing even more policy accommodation. But it also knows the such
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deviations are not costless. First, they result in temporarily higher inflation.17 Second,

by delaying raising rates, the central bank generates additional uncertainty about the

new rule. This could result in precautionary behavior that would weigh on output.

Alternatively, if the central bank increases rates more aggressively because it is worried

about its credibility as an inflation fighter, it must realize that this could amount to

agents believing they have abandoned the new framework. Real time assessment of

these trade offs could be quite difficult when in the midst of large shocks of unknown

duration.

7 The value of the new rule and costs of incomplete

learning

This section provides some illustrative calculations of the value of the new rule over the

old regime, the costs associated with incomplete learning of the new rule, and trade-offs

that might arise from the central bank taking actions to boost ξ̂z,t by generating policy

shocks, ϵR,t. One way to summarize the relative performance of the different policy

functions is to consider a loss function that adds up squared deviations of output and

inflation from target. Such a function is often used to assess the setting of optimal

monetary policy, see, for example, Woodford (2003), Svensson (2010) and the Federal

Reserve Board’s Tealbook analysis.

We consider the stochastic loss, SL. This is a forward looking calculation that takes

into account potential future shocks. Starting at steady state values for output and

inflation, we simulate the model T periods ahead conditioned on fixed values for ξ̂z and

σ̂R and N future draws of {ϵd,t, ϵR,t}T1 , and take the average discounted sum of future

squared deviations of output and inflation from target:

SL =
1

N

N∑
n=1

T∑
τ=0

β−τ
[
(πt+τ,n − π)2 + (yt+τ,n − y)2

]
where πt+τ,n and yt+τ,n are the values πt+τ and yt+τ from draw n. Accordingly, the

stochastic loss tells us about the average performance the policy regime can be expected

to deliver given the entire distribution of future shocks to the economy conditioned on

agents’ perception of the new rule’s parameters.18 We start with the economy at

17While the less aggressive response boosts ξ̂R,t, it also results in higher inflation and thus pushes
zt to zero faster and shortens the learning period (though the effect is not large in the scenarios we
consider). The central bank must also take this trade off into account when calculating the appropriate
liftoff delay.

18Note that SL does not include a term in the squared change in the policy rate, which enters
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Policy shock σ̂R (annualized)

1.4 1.0 0.6 0.4 0.0

A
IT

ru
le

ξ̂ z

0.0 2.67 1.92 1.78 1.72 1.69

0.25 1.40 1.32 1.27 1.26 1.24

0.50 1.19 1.15 1.12 1.12 1.11

0.75 1.10 1.07 1.05 1.05 1.04

1.0 1.04 1.02 1.01 1.00 1.00

Table 2: Stochastic loss of incomplete learning relative to {ξ̂z = 1, σ̂R = 0}. The values for σ̂R have
been converted to annualized percentage points for the net interest rate.

steady state, and then calculate SL for a range of values for {ξ̂z, σ̂R}. Table 2 shows

the results of these experiments, with the loss relative to that if the new rule was

known, {ξ̂z = 1, σ̂R = 0}.
The upper right hand corner with {ξ̂z = 0, σ̂R = 0} corresponds to agents believing

the central bank has made no change to its policy rule; the associated losses are 69

percent larger than if the rule had been enacted with full credibility. However, just a

small degree of learning can result in significantly improved macro outcomes, with SL

for {ξ̂z = 0.25, σ̂R = 0} just 24 percent larger than at {ξ̂z = 1, σ̂R = 0}. The relative

loss shrinks to 11 percent for ξ̂z = 0.5 and 4 percent for ξ̂z = 0.75. Uncertainty over

the reaction function is costly, but less so than missing on ξz. In the old regime, even

a 100 basis point standard deviation in uncertainty over the policy rate increases the

normalized loss by only about 23 basis points. With ξ̂z = 1 the difference in loss is just

2 basis points. Indeed, within the range of parameters in the table, the gains from a

marginal increase in ξ̂z always outweigh the costs of a higher σ̂R. This suggests that

inducing a little uncertainty into agents’ perception of the interest rate rule may be a

cost worth taking if it improves learning ξt, thus reducing the cost of future episodes

at the ELB.

We don’t want to push these result too far. As is well known, policy rules using

common parameterizations such as the ones in this paper will not replicate optimal

policy that minimizes a loss function such as SL. Rules with much stronger reactions

to inflation and output gaps generaly do a better job at approaching optimal policy,

and hence larger values of ξ̂z can be expected to result in lower losses. Furthermore, as

we noted earlier, monetary policy shocks of the size we consider can have a meaningful

impact on economic outcomes in the model when interest rates are low, as they then

some commonly used loss functions, such as in the Tealbook. This term is meant to capture financial
stability concerns associated with large movements in interest rates as well as the empirical fact that
central banks usually move policy rates in a smooth manner. Such a loss function is consistent with a
monetary policy rule that includes inertia in the policy rate, which is not a feature of the rule in our
model.
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have a good chance of generating an episode at the ELB. The effects, however, are small

and transitory when interest rates are far from the ELB (as is the case for most of the

time periods in our simulations) as there is nothing in the model other than the ELB

to induce persistent effects of a policy shock. Indeed, alternative parameterizations

would influence the trade-offs. Greater risk aversion would boost precautionary sav-

ing motives, making increased uncertainty over the policy function more costly. And

backward inertia in the price setting process would prolong the high inflation period.

In addition to direct costs, this could cause agents to doubt that the central bank will

revert to its old rule once the average inflation shortfall is eliminated and push long-run

inflation expectations above target.

That said, the fundamental results are still strong. Including a make-up for past

inflation shortfalls in the policy function can significantly enhance economic outcomes

by reducing the underlying disinflationary bias generated by the ELB. And the costs

of any additional above-target inflation generated by the new rule are limited as the

higher inflation drives zt to zero and results in policy reverting back to the same

inflation-fighting prescriptions the central bank has always followed.

8 Conclusions

Under traditional monetary policy strategies, the limits on reducing policy rates pre-

sented by the proximity of the ELB impart a downward bias to inflation and inflation

expectations relative to the central bank’s target. This bias impinges on the cen-

tral bank’s ability to stabilize output and inflation. Economic theory has provided a

number of alternative policy strategies to combat these limitations. In this paper we

consider a form of asymmetric average inflation averaging, which adds a term in the

weighted average of past shortfalls of inflation from target to the central bank’s old

policy function. This policy successfully offsets the disinflationary bias.

For this or any other alternative strategy to be effective, agents need to understand

a regime change has taken place and adjust their behavior accordingly. This happens

automatically in an abstract economy in which agents have complete information about

the parameters of the new policy and the central bank has full credibility. However,

in the real world, agents need to be convinced that the new policy process is indeed in

place and then must learn its parameters. We show how this occurs through observation

of the central bank’s policy settings, with the period around the time that liftoff from

the ELB would have occurred under the old policy regime being particularly crucial

for learning process. The interactions between policy decisions, economic outcomes,

and agents’ learning process are important determinants of the performance of the new
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policy rule.

Shocks inevitably will hit the economy during this time, and they can present im-

portant impediments to the learning process. Recessionary shocks may delay learning,

while inflationary shocks that cause the inflation averaging goal to be achieved before

agents have fully learned the new policy rule can derail it entirely. This means the

central bank could consider not reacting to certain inflation developments in order to

better establish its new policy, which would have value the next time a recessionary

shock hits the economy. But when doing so it must recognize that holding back on

rate increases comes with costs of higher near term inflation and induces additional

uncertainty into agents’ attempts to learn the new rule. The need to learn a new rule

can add complexity to an already challenging policy environment.
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Figure 10: Impact of alternative priors for the structural components ηzt of the new rule in the
baseline simulation. The prior of the baseline case (blue) is compared to a scenario with
a higher prior mean (red), a larger prior standard deviation (black) and a combination
of higher mean and larger standard deviation (green).

A The role of prior information

The results of our learning model are sensitive to the prior distribution of the unknown

parameters. As noted earlier, our baseline case uses prior means that are far from the

actual values for ξz and σR. Figure 10 shows some alternatives for the prior mean

and standard deviation of ξz, EPrior (ξZ) and StdPrior (σR), respectively. As would be

expected, increasing the prior mean by itself (the red dashed lines) results in a higher

shadow rate and earlier liftoff than in the baseline (blue line). This is because agents

assume the central bank will do more to offset the ELB bias in the future, which boosts

output and inflation today.

A larger prior standard deviation on its own (black line) can also speed learning rela-

tive to the baseline, because agents are more receptive to incoming information moving

their views away from the prior. However, this can work in two directions–information

that is not supportive of the new policy would more readily push perceptions away

from the correct ξz as well. In particular, if an εR,t shocks occur that hastens liftoff

relative to the baseline, agents would more readily lower their views of ξz if they had

a larger prior standard deviation.

As discussed earlier and seen in the upper left panel, when we solve the model

there is a discrete jump in the estimated parameters to their true values in period 26.
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This is because {ξ̂z,t, σ̂R,t} has moved so far from the priors and
(
η̄zt − ξ̂z|tzt

)
/σ̂R|t is

so negative that the combined weights in the posterior of the prior and the censored

component of the likelihood collapse to zero and the non-truncated portion of the

likelihood covering the post liftoff period perfectly fits the data with {ξ̂z,t, σ̂R,t} =

{1, 0}. Note that this jump is much less pronounced the larger the standard deviation

in the prior distribution (the black and green lines). This is because with the bigger

tails, the prior carries palpable weight in the posterior for a longer period of time as

ξ̂t,z moves away from EPrior (ξZ).

In terms of the performance of output and inflation, the effects of starting the

learning process closer to the truth – a larger EPrior (ξZ) – is more important than

having a looser prior – a larger StdPrior (σR) – that admits faster learning. This is seen

by the better performance of output and inflation in the green and red lines with the

higher prior mean than black dashed line with higher prior standard deviation.

These results point to the benefits of actions the central bank might take to push

agents’ priors closer to the true policy parameters. Clear communications about the

new policy rule at the announcement and while shadow rates are still well below the

ELB would be important. So would be concrete actions during this time. For example,

as discussed in Engen et al. (2015), large scale asset purchases may have provided

monetary accommodation in the U.S. not just through portfolio balance effects, but

also by the signal they sent about the Federal Reserve’s commitment to operate a

lower-for-longer interest rate policy. Through the lens of our model, this role for of

asset purchases could be interpreted as one way to influence agents’ priors about interest

rate policy well before the liftoff phase of the rate cycle.
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