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Abstract

We examine how private sector agents might learn a new monetary strategy intro-

duced while policy rates are at their effective lower bound (ELB) in an environment

with large inflationary and deflationary shocks. We consider the adoption of a new

asymmetric average inflation targeting rule aimed at countering the disinflationary

bias imparted by the ELB. The most crucial time for learning runs from when rates

would be near liftoff under the old strategy through early liftoff under the new rule.

Recessionary shocks during this time could delay learning while large inflationary

shocks could outright stop it, inhibiting the ability of the new strategy to address the

costs associated with the ELB. Using the US post-Covid experience as an example,

we also find that the monetary policy shocks can have important feedback on the

learning process.
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1 Introduction

The past 20 years have featured major changes to the monetary policy environment. With

the onset of the Great Recession and ensuing slow economic recovery, the effective lower

bound (ELB) on policy rates went from being an isolated curiosity to a prominent feature

of the monetary policy environment. Equilibrium policy rates fell below where they were

in the 1980s and 1990s in many advanced economies, making the ELB a threat with even a

modest recession. Meanwhile, inflation remained stubbornly subdued for an entire decade.

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

by the ELB. Notably, ELB risks were stated as an important motivating factor in the

Federal Reserve’s revised statement on Longer-Run Goals and Monetary Policy Strategy

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

in July 2021. For both central banks, these changes were made when policy rates were

still at the ELB during the Covid-19 pandemic. These economies recovered quite swiftly

following the pandemic, but then a mix of large shocks suddenly caused inflation to reach

levels unseen in the past 40 years.

In this paper, we investigate how private sector agents might learn such new monetary

strategies introduced at the ELB in a stochastic environment in which large inflation-

ary and deflationary shocks may occur unexpectedly. The rule we consider is a form of

asymmetric average inflation targeting. The exercise highlights several important consid-

erations in implementing such strategies emanating from interactions between the learning

process and economic outcomes. First, the period around when the liftoff of rates from

the ELB would have occurred under the old rule is key for learning the new rule. Second,

shocks that either return the economy to the ELB or that cause a surge in inflation that

quickly satisfies the inflation averaging goal can curtail agents learning the new rule and

prevent the economy from capitalizing on its long-run benefits. Third, monetary policy

shocks– perhaps due to discretionary actions by the central bank–come with a set of costs

and benefits due to their interaction with the learning process.

The theoretical foundations for strategies aimed at countering the ELB center on re-

search showing that under traditional monetary 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
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bank’s ability to stabilize both output and inflation.1

This literature has proposed a range of alternative monetary policy frameworks to

address this inflation bias and improve overall macroeconomic performance. 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.

These policies can reduce the odds of returning to the ELB and the length of ELB episodes

that do occur. Some can be calibrated to eliminate the downward inflation bias altogether.2

However, these theoretical solutions generally involve strong assumptions: completely

rational and forward-looking agents; complete credibility of the monetary authority; and

no adjustment lags or other inertia 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 distribution of inflation generated

by the new policy rule, substantially reducing the costs of ELB episodes.

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 new policy parameters, and it can take time to

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

outcomes.3 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.

The events surrounding the Covid-19 pandemic highlight other challenges to learning the

new rule. A new recession may force the economy back to the ELB, or a sharp rise in

inflation may dictate an aggressive policy tightening. If either event occurs before the new

rule is learned completely, the benefits of the alternative framework will be curtailed, at

least for a time.

1See Adam and Billi (2007), Nakov (2008) and Hills et al. (2019).
2Discussions 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 (2023) during temporary supply contractions when
aggregate demand has inertia. Arias et al. (2020) study the performance of many of these rules using
stochastic simulations of the FRB/US model.

3Erceg and Levin (2003) for instance study a model in which agents have to learn the inflation target
of the central bank. Barnett and Ellison (2013) study how the decision of a central bank to disinflate the
economy influences the learning of economic agent and that of the central bank itself.
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We examine these issues in the context of 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 of 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 asymmetric 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. Importantly, our

framework features two regions in which learning effectively comes to a halt: a disinfla-

tionay recession that drives rates to the ELB, and at high inflation, where the old and

the new policy rules coincide. In the first region, learning is impaired because agents

cannot observe the central bank’s monetary stance. In the second, the model captures a

key feature of makeup strategies: their objective is to address the deflationary bias asso-

ciated with ELB risk, rather than to induce additional tightening following past inflation

overshoots.4

The new rule contains two policy shocks, the typical shock that entered the old rule

plus a new one that is operative only when past inflation shortfalls are influencing policy.

Although modeled as random shocks, these terms could capture discretionary deviations

from the policy rule by the central bank. 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 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

4This appears consistent with the 2020 Federal Reserve and 2021 ECB monetary policy strategy
statements, which discuss overshooting following a period of below-target inflation but did not mention
seeking undershooting following a period of above-target inflation.
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the economy improves enough that rates would be near liftoff from the ELB under the

old policy rule, and then changes radically when the old rule would prescribe raising rates

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 from the ELB 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 shocks, and the censoring point —below which observed rates are at the ELB—

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 dis-

inflationary 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 liftoff

in rates. Inflation expectations subsequently rise towards target, with the pace quickening

once liftoff 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 it is still a marked improvement relative to the old policy regime, in which long-run

inflation expectations would remain stuck below target. Correspondingly, the paths for

output and inflation generated by the new rule with learning are an improvement over

outcomes under the old regime, though under our baseline parameter assumptions they

still fall short of the full information economy.

We next consider what happens when the economy experiences either another round

of recessionary shocks that drive it back to the ELB or a set of shocks that generates a
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bout of inflation, with the shocks hitting before the learning process is complete.5 In the

case of recessionary shocks, the new rule performs better than the old rule to the degree

that the new parameters have been learned prior to the shocks. Learning stalls during the

return to the ELB, but then re-emerges as the economy makes its second exit. In the case

of inflationary shocks, the new model will generate higher inflation than the old rule until

the average inflation shortfall is eliminated, after which the inflation paths are similar.

But at this time as the outcomes of the two rules are almost identical, learning about

the new rule’s new parameters also ceases. Two important lessons emerge. First, because

high inflation will eventually drive the average past inflation shortfalls to zero, there is a

natural limit to the “extra” inflation the new rule can generate. Second, 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 when the next ELB-inducing recessionary

shocks hit.

The detrimental outcomes associated with the inflation shock may lead the central bank

to consider purposefully raise rates less aggressively in order to emphasize its commitment

to the new policy rule and spur the learning process. Alternatively, it might consider a

more aggressive response to the inflation shock to insure that the adoption of the new rule

is not misperceived as a lack of commitment to both sides of the inflation target. We find

that both alternatives can have their intended effects, but they also come with the cost of

increased uncertainty over the policy function that the central bank would need to weigh

when considering such interventions.

As an empirical example, we look at how our highly stylized model interprets the

post-Covid experience in the US, when inflation surged soon after the adoption of flexible

average inflation targeting by the Federal Reserve. We find that matching the data requires

large monetary policy shocks that hold rates much lower than the new policy rule would

prescribe based on output and inflation alone. In turn, these shocks feed back on to

the learning process, accelerating agents’ learning the new policy rule’s response to the

inflation shortfall, but also causing them to overestimate the volatility of monetary policy

shocks. This improves the ability of the new rule to offset the disinflationary bias from the

ELB, but comes at the costs associated with agents’ misperception of volatility. We also

look at how policy shocks that fight inflation more aggressively interact with the learning

5If learning is completed by the time the shocks hit, by construction the learned-rule performs just
like the full information model, with much small declines in output and inflation than under the old
rule during recessions. And because the past average inflation shortfall has been eliminated by the time
learning is completed, the new and old rules essentially look alike during an inflation shock.
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process.

To examine tradeoffs, we calculate the gains from learning through stochastic simula-

tions of a standard quadratic loss function of deviations over time in output and inflation

from their steady states. This indicates that even a modest amount of learning about the

policy response to the shortfall in inflation has large returns in terms of reduced incidence

of ELB episodes and stabilization. Losses due to perceived policy noise appear smaller,

but this might be an artifact of our model, in which the costs of hitting the ELB dominate

higher frequency volatility in output and inflation.

The paper is related to a growing literature on learning new policy strategies and the

macroeconomic implications of the learning process. Andolfatto and Gomme (2003) and

Erceg and Levin (2003) develop structural models with monetary policy regime changes

in which private sector agents have imperfect information about the regimes. Schorfheide

(2005) estimates this 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. These papers, however, do not study an environment that includes the ELB,

and therefore do not consider how agents’ learning problems might proceed when their

information sets are censored.

Gust et al. (2018) study a learning problem with the ELB constraint in which agents

must infer the intercept of a monetary rule that is governed by an exogenous discrete

Markov-switching process in which all states have a chance of occurring in any period.

Similar to the learning problem in our model, episodes at the ELB generate a Tobit-style

likelihood function. But in our model agents face a brand new policy rule introduced at the

ELB and they need to learn the central bank’s response to past misses of inflation, which

are endogenous. This endogeneity combined with the asymmetry of the makeup strategy

give rise to a second type of censoring in which sudden inflation surprises outweigh past

inflation shortfalls and abruptly stop the learning process.

Bodenstein et al. (2022) study learning in a model in which a binding ELB constraint

impairs private agents’ ability to learn newly introduced make-up strategies. By contrast,

our framework features an additional region in which learning also comes to a halt, namely

at high levels of inflation where the new rule coincides with the old rule. Moreover, our

paper breaks new ground by providing an empirical evaluation of a model in which agents

learn about a newly introduced policy strategy at the ELB, a setting motivated by recent

historical episodes in the United States and other economies. Finally, their learning is

sequential, so agents’ beliefs about the parameters of the new rule are predetermined each
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period.6 Hebden et al. (2020) use the FRB/US model to consider how learning is delayed

if a new makeup policy is introduced while at the ELB compared with full information

or if the new policy is introduced before the ELB episode, with resulting negative effects

on macroeconomic outcomes. They limit their analysis to shocks that generate the initial

ELB episode.

Other recent papers study mechanisms to explain the surge and subsequent decline in

inflation following the pandemic through the lens of agents’ beliefs about policymakers’

behavior. A common theme in this work is that inflation dynamics depend on how private

agents interpret the interaction between monetary and fiscal policy, in the tradition of the

fiscal theory of the price level (FTPL). Bassetto and Miller (2025) introduce an information

channel in which agents endogenously choose whether to acquire costly information about

future fiscal surpluses backing government debt. This generates state-dependent inflation

dynamics, with low sensitivity to fiscal news in normal times but potentially sharp increases

in inflation responsiveness and even discontinuous jumps when beliefs shift toward fiscal

stress and agents begin acquiring information. Bianchi et al. (2023) show that 2021 US

fiscal stimulus significantly shifted expectations about the degree of fiscal backing of U.S.

federal debt, accounting for a substantial portion of the subsequent surge in inflation.

Barro and Bianchi (2026) provide empirical evidence that post-pandemic inflation across

OECD countries is strongly related to a theoretically derived measure of fiscal expansion

that scales spending increases by initial debt levels and debt maturity.

Other studies evaluate the macroeconomic and welfare implications of introducing

makeup strategies under the assumption that agents are bounded rational and, therefore,

have an imperfect knowledge of the economy they live in (Amano et al., 2020; Budianto

et al., 2023; Honkapohja and McClung, 2023). In our study (as well as in Gust et al.,

2018 and Bodenstein et al., 2022) agents know the structure of the economy except for

certain policy parameters. Limiting the scope of the problem in this manner allows us to

concentrate on mechanisms associated with learning the new rule and avoid complications

arising from other sources of misspecification or uncertainty.

Another related strand of literature studies optimal monetary policy in environments

where private-sector expectations are not fully model-consistent, emphasizing the role of

imperfect knowledge in shaping policy design. For instance, Adam and Woodford (2012)

6This timing facilitates solving the learning problem analytically with Kalman filtering techniques.
However it also means agents’ parameter updating does not have a contemporaneous general equilibrium
impact on economic outcomes, where in our model and in Gust et al. (2018), parameter learning, output,
and inflation are simultaneously determined outcomes. This, for example, would influence the trade offs
facing the central bank when making discretionary policy actions.

8



study optimal monetary policy when private-sector expectations may deviate from full

rationality, deriving policies that are robust to near-rational belief distortions without

modeling learning explicitly. Mele et al. (2020) instead consider an economy in which

agents learn the mapping from shocks to outcomes, showing that gradual belief updating

can make price level stabilization suboptimal by creating incentives to exploit transition

dynamics. By contrast, our paper studies the learning of a newly introduced monetary

policy strategy. Learning is state-dependent—impaired by censoring at the ELB and

potentially halted when inflation is high—and interacts directly with shocks and policy

deviations.

2 The model

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

lation 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 + ϵµ,t + φEt

[
Λt,t+1

(πt+1

π
− 1
) πt+1

π

yt+1

yt

]
(2)

There are two sources of uncertainty in this part of the model: the preference shock in

the Euler equation, ϵd,t, and the markup shock, ϵµ,t, in the Phillips curve. Both 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 inflation targeting monetary policy rule given by:

Rt = max

[
1, R

(πt

π

)ϕΠ

(
yt
y

)ϕY

+ σMϵM,t + ηzt · 1zt<0

]
(3)

ηzt = ξzzt + σηϵη,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
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assume is the zero lower bound of 1, and the interest rate determined by the new rule.7

The first term in the new rule is the usual Taylor prescription, where R is the equi-

librium real rate of interest and the second term is the usual monetary policy shock,

ϵM,t ∼ N (0, 1).8 This is the policy rule followed prior to the introduction of the new

rule. The parameters ϕΠ, ϕY , and σM are all know to the agents and the central bank. If

we just stopped here, the model would display the familiar features of the simple three-

equation New Keynesian model. Notably, future events would 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.

Our model differs from the usual specification through the third term in (3), ηzt ·
1zt<0, the adjustment to the policy rule 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 deviations (positive or negative) of inflation from target, zt, when that

average represents a net shortfall from target, the intensity of the central bank’s response

to the shortfall, ξz ≥ 0, and a random shock, ϵη,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. We calibrate the new rule so that it exactly offsets the ELB inflation bias

in a full-information setting. We include a second policy shock, ϵη,t, to account for the

possibility that the new rule could come with implementation issues over and above those

experienced in the past, potentially making policy more unpredictable. We assume ϵM,t

and ϵη,t are independent and define the total monetary policy shock, ϵR,t ∼ N (0, σR,t), as:

ϵR,t = ϵM,t + ϵη,t · 1zt<0 (6)

σR,t = σM + ση · 1zt<0 (7)

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, ση, of the

additional error term in the policy function adjustment, ϵη,t. Agents use Bayesian updating

7Our framework is general enough to incorporate a negative lower bound, including one that is en-
dogenously determined within a structural model as in Darracq Pariès et al. (2023).

8The shock is introduced additively to ease the solution of the model.
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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

+ σM ϵ̂M,t|t + η̂zt · 1zt<0

]
(8)

η̂zt = ξ̂z|tzt + σ̂η|tϵ̂η,t|t (9)

zt = ρzzt−1 + ϕz (πt−1 − π) (10)

where ξ̂z|t, σ̂η|t, ϵ̂M |t and ϵ̂η|t are the estimates agents make at time t for ξz, ση, ϵM,t and

ϵη,t.

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,t

ϕ

(
ηzt − ξzzt

σR,t

)
where ϕ is the standardized normal density.

When the ELB is binding under the new rule, Rt is censored at 1 and ηzt is unobservable.

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,t

)
(11)

where

η̄zt = 1−R
(πt

π

)ϕΠ

(
yt
y

)ϕY

> ηzt (12)

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

known parameters are ξz and σR,t 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.9

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

monetary policy rule, equation 10, 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 for-

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

maximize the posterior distribution:

∏
τ≤t

{[
1

σ̂R,t|t
ϕ

(
ηzτ − ξ̂z|tzτ

σ̂R,t|t

)]
I (Rτ > 1) ·

[
Φ

(
η̄zτ − ξ̂z|tzτ

σ̂R,t|t

)]
I (Rτ = 1, zτ < 0)

}
· Ω
(
ξz|P , σR|P

)
(13)

where I(·) is the indicator function.

Once ξ̂z|t and σ̂R,t|t are in hand, if the ELB is not binding ϵ̂R,t|t can be estimated as

the residual that sets R̂t = Rt:

ϵ̂R,t|t = ϵ̂η,t|t + ϵ̂M,t|t =
ηz,t − ξ̂z|tzt

σ̂R,t|t
(14)

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

ϵ̂R,t|t = ϵ̂η,t|t + ϵ̂M,t|t = E
(
ϵz,t|ξ̂z|t, σ̂R,t|t

)
= −σ̂R,t|t

ϕ
(

η̄z,t−ξ̂z|tzt
σ̂R,t|t

)
Φ
(

η̄z,t−ξ̂z|tzt
σ̂R,t|t

) (15)

Since ϵM.t and ϵη,t are independent normals, they can be estimated as:

ϵ̂η,t|t = ϵ̂R,t|t
σ̂η|t

σ̂R,t|t
, and ϵ̂M,t|t = ϵ̂R,t|t

σM

σ̂R,t|t
(16)

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,t, because the policy rate Rt is no

9With only censored values, agents are maximizing the standard normal cdf, which is done with

ξ̂z|t → ∞ so Φ
(

η̄z
τ−ξ̂z|tzτ
σ̂R|t

)
→ 1

12
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Figure 1: The likelihood function of the censored data. The likelihood (vertical axis) becomes infor-

mative as the economy improves, as indicated by movement of
(
η̄zt − ξ̂z|tzt

)
/σ̂R|t (horizontal

axis) to the left (black arrows). The starting point is the red dot.

longer dependent on those parameters. Note, too, that when zt > 0 agents are able to

infer ϵM,t without error.

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 black 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

13



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,t that would admit a meaningful probability

on large positive realizations of ϵR,t that would accelerate liftoff; 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|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 with global methods using a time iteration algorithm with linear

interpolation based on Richter et al. (2014). 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.10 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 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.

Using global methods means for each exercise we run, we need to solve the model

every period for many different values of the structural parameters agents are learning, ξZ

and ση, and with three stochastic shocks as state variables. The computational burden

renders typical solution approaches intractable. We instead solve the model using extended

decision rules following Kase et al. (2022). This method essentially expands the state vector

10In the standard New Keynesian analysis, higher odds that the ELB will bind and reduce consumption
tomorrow induce expected utility smoothing agents to lower consumption today.

14



by including ξz and ση as “pseudo-state” along with the stochastic shocks and constructs

decision rules for yt and πt that are functions of this expanded state vector. These decision

rules are then used to quickly solve the model in subsequent simulations. So while the

initial calculation of the decision rules takes several hours, subsequent simulations are

solved in less than a second.11 Appendix B describes this solution method in detail.

We calibrate the model by first taking the specification absent the asymmetric mon-

etary policy piece and matching a selected set of moments from 2000:Q1 to 2019:Q4,

a period in which the risk of the ELB was particularly acute. We target the standard

deviations of GDP per capita growth, core PCE inflation, and the federal funds rate.12

The central bank inflation target is set to 2.0%. In this symmetric specification average

long-run inflation expectations are 1.8% due to the presence of the ELB. This deflationary

bias of 20 bps is in line with Bianchi et al. (2021) and implies that the ELB binds in

around 14% of periods.13 We calibrate the asymmetric portion of the policy rule in order

to eliminate the deflationary bias in the full information economy. We set the standard

deviation of the monetary policy shock component associated with the new rule, ση, at

zero and the persistence of the shortfalls, ρz, at 0.875.
14 With the response to shortfalls ξz

normalized at 1, the deflationary bias is eliminated with ϕz equal to 0.1. The parameters

are shown in Table 1:

For the priors, we picked means EPrior (ξZ) = 0.1 and EPrior (ση) = 0.1% that 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 (ση) = 0.1% is

in terms of the quarterly gross interest factor, and so translates into about a 0.4 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 iid.

We explore some alternative priors in the appendix.

To simulate the model, we first set a sequence of shocks to the demand curve, the

11The initial calculation repeatedly simulates the model within each period of the sample for each
stochastic draw of the shocks, and so requires solving the model several thousand times.

12Our model predicts a standard deviation of 0.5 (vs. 0.6 in the data) for output, 0.8 (vs. 0.6 in the
data) for inflation and 1.8 (vs. 1.8 in the data) for the interest rate.

13Note that we are using a low persistence for the shocks, which helps to match a higher frequency of
periods with a binding ELB.

14Setting ση = 0 means the central bank faces no new implementation issues with the new rule. The
choice of ρz means that 80 percent of the impact of ϕz (πt−1 − π) on zt will be completed at 12 quarters.
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Parameters Sign Value Parameters Sign Value

Model Parameters (Baseline)

Discount factor β 0.998 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 2.5
Response Output κY 0.125 Inflation Target 4 log (Π) 2%
Persistence Pref. Shock ρζ 0.6 Std. Dev. Pref. Shock σζ 0.91%
Persistence Markup Shock ρµ 0.6 Std. Dev. Markup Shock σµ 5.0%
Std. Dev. MP Shock σM 0.25%

Average Inflation Targeting

Response to AIT ξZ 1 Deviations AIT ϕZ 0.1
Persistence AIT ρZ 0.875 Std. Dev. of AIT Shock ση 0

Priors

Prior Mean ξZ EPrior (ξZ) 0.1 Prior Std. Dev. ξZ StdPrior (ξZ) 0.5
Prior Mean ση EPrior (ση) 0.1% Prior Stad. Dev. ση StdPrior (ση) 0.05%

Table 1: Model calibration.

markup, and the monetary policy function for the entire simulation sample period,

{ϵd,t, ϵµ,t, ϵη,t, ϵM,t}Tt . The current values of ϵd,t and ϵµ,t are observed by the agents at

time t, but their future values are unknown. As noted earlier, agents can exactly recover

ϵM,t if zt > 0, but ϵη,t and ϵM,t (and so ϵR,t) are unknown if zt < 0. Each period we

initialize ξ̂z|t and σ̂R,t|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 equations (1), (2), and (10) to generate yt and πt. We then plug

these values for yt and πt 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|t by maximizing the posterior

distribution (13) and recalculate {ϵ̂R,τ |t} using equations (14) or (15). If the changes in

ξ̂z|t and σ̂R,t|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.

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

series of negative preference shocks, ϵd,t, which drive interest rates to the. In period 2,

the central bank announces the new policy rule. The depth of the policy shortfall can be
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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. Keeping the sequence of preference shocks fixed,
we simulate the economy 1,000 times using alternative random draws for the sequence of
monetary policy shocks. The solid lines show the mean across simulations, and the shaded
areas indicate the 90 percent range of outcomes. 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.

seen by the negative shadow rate under the new rule as well as the declines in output and

inflation well below their steady state values. For comparison, we also show the rate path

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

model (dashed red line). To highlight the role of uncertainty over the policy function, we

repeat the exercise for 1000 draws of {ϵM,t}Tt (with the same ϵd,t); the solid lines are the

means from these draws and the shaded areas the 90 percent range of outcomes.

As the demand shocks dissipate, the economic situation improves. By period 12, the

old monetary policy rule would dictate liftoff, with rates rising quickly to somewhat 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 13, and rates then slowly asymptote

to the steady state. The new policy also is consistent with modest overshooting of both

output and inflation above their long-run targets.

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
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Figure 3: Learning the new rule. The blue lines show the mean of agents’ real-time expectations across
the simulations, the shaded areas indicate the 90 percent range of outcomes, and the black
stars denote the true values. Upper panels: Components of ηzt : structural effects of the
average inflation shortfall (left) and the policy shock (right graph). The lower panels show
the parameters agents estimate: intensity of central bank’s response to shortfall (left) and the
standard deviation of the policy shock (right).

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 place under

the old rule as agents are able to eliminate values of ξz and σR,t that would generate early

liftoff under the new rule. Learning about ξz picks up notably in period 12 as agents

observe rates remaining at the ELB instead of lifting off as would have been occurred

under the old rule. Once liftoff occurs under the new rule 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 σ̂eta|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.

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

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 announces a new

monetary policy; there is no learning problem, and the path for {yt, πt} is the rational

18



expectations equilibrium generated by equations (1), (2), and (3) with ξz = σeta,t = 0 .15,16

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,t 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, re-

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

edge of ξz and σR,t. 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.17,18

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|t}.19 Expectations

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 liftoff 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

15The 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|t} and all the previous periods’ data. In contrast, under the old policy regime, ξz, ση, ξ̂z|t
and σ̂R,t|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.

16Note 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|t}, and
agents already know those values when observing {yt, πt, Rt} under the new regime.

17Recall in the New Keynesian 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.

18These results are qualitatively similar to those in Hebden et al. (2020) using a version of FRB/US
model in which agents form expectations using a VAR, but learning and the convergence of output and
inflation to steady state occur much faster in our set up.

19Specifically, 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|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
ση = 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 lines show the means, and the shaded areas
indicate the 90 percent range of outcomes across the 1,000 simulations, which differ only in
the sequence of monetary policy shocks.

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.

5 Performance over time: Future recessions and in-

flation

Our analysis so far has focused on the performance of the new rule and the learning

process only around the ELB-generating disturbance that motivated its adoption. How

well will the rule perform and what happens to learning when the economy is hit by future

shocks? To address this question, we consider two different kinds of episodes; a recession

that generates another episode at the ELB and a surge in inflation well beyond the central

bank’s target.

Starting with the recession scenario, we assume a large negative demand shock of

roughly the same order of magnitude as the one that caused the first trip to the ELB
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Figure 5: Second recession scenario. The economy is hit additionally by the same series of negative
preference shocks starting also in period 12. Comparison of outcomes under baseline simulation
(blue) with those for the old monetary regime (black) and the new policy rule under full-
information (red). The lines show the means, and the shaded areas indicate the 90 percent
range of outcomes across the 1,000 simulations, which differ only in the sequence of monetary
policy shocks. The black stars denote the true values.

occurs in period 12, just as the central bank would otherwise be lifting off from the ELB.

As seen in Figure 5, even the modest amount of learning that occurred prior to the second

shock has a noticeable effect on economic outcomes. Though it still falls well short of the

full information economy, the baseline model delivers a somewhat less severe recession and

much smaller shortfall of inflation from target than the old policy rule. This occurs even

though there has only been a modest amount of learning by the time the shock hits; ξ̂z|12

has only reached 0.25 and σ̂η|12 has barely budged from its prior.

The second recession does stall the learning process. The shadow rate falls well below

the ELB when the shock hits; learning stops and does not resume when the shadow rate

again rises to near the ELB. Conditions improve enough to generate liftoff in period 24.

At that time learning quickly accelerates, with ξ̂z|t and σ̂η|t and output, inflation, and

long term inflation expectations soon closely track the full-information model.20 In sum,

the second recession delayed the learning process in the short run, but had no meaningful

20Note that zt < 0 and learning is continuing throughout the entire period shown in Figure 5.

21



10 20 30 40
10.0

7.5

5.0

2.5

0.0

2.5

5.0

7.5

%
 p

.a
.

Shadow Interest Rate

10 20 30 40
2.5

2.0

1.5

1.0

0.5

0.0

%
 D

ev
 D

SS

Output

10 20 30 40

1

0

1

2

3

4

%
 p

.a
.

Inflation

10 20 30 40

1.80

1.85

1.90

1.95

%
 p

.a
.

Long-Term Inflation Expectations

10 20 30 40
0.0

0.2

0.4

0.6

0.8

1.0
Learning Z

10 20 30 40
0.0000

0.0002

0.0004

0.0006

0.0008

0.0010

Learning 

Baseline 5%-95% Full Information 5%-95% Old Rule 5%-95% True zt > 0

Figure 6: Inflationary scenario. The economy is hit additionally by a series of inflationary markup shocks
starting also in period 12. Comparison of outcomes under baseline simulation (blue) with those
for the old monetary regime (black) and the new policy rule under full-information (red). The
lines show the means, and the shaded areas indicate the 90 percent range of outcomes across
the 1,000 simulations, which differ only in the sequence of monetary policy shocks. The black
stars denote the true values. The green dotted line indicates when zt turns positive in the
baseline scenario (for the mean).

long-run impact on learning the new rule.

We next consider an inflationary shock. We generate this with a markup shock in

period 12 that causes inflation to jump 2 percentage points above target and output

to fall another 1-1/2 percentage points below steady state. As seen in Figure 6, rates

immediately exit the ELB under the baseline and the old policy rule. The new rule helps

cushion the blow to output some, but also generates a bit higher inflation than the old

rule. As the inflation shock quickly drives zt to zero in period 17 (the green vertical line),

the policy and economic outcomes are soon virtually identical between all of the rules.

Importantly, the new rule has not resulted in a persistently worse outcome for inflation.21

The inflation shock, however, has a significant and lasting impact on learning. Because

zt reaches zero quickly, agents have only a short time span to observe differences between

21Long run inflation expectations are higher in the full information and baseline rules than under the
old rule. However, the effect of this on economic outcomes in this scenario is dwarfed by the dynamics
surrounding the markup shock.
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the old and new rule. And even before zt hits zero learning slows to a near halt. This

occurs because the interest rate paths under the baseline and old rule are very close, as

the impact on rates of the slightly lower output and inflation under the old rule is close to

effect of ηzt in the new rule. There is little agents can learn when the prescriptions of the

rules are so close. As a result, η̂z|t and long-run inflation expectations are lower and σ̂η|t is

higher than the values in Figure 4. This smaller the reaction to disinflationary shocks and

the larger estimated variance of policy shocks mean more and more severe future trips to

the ELB.

The inflationary scenario highlights two important features of the new rule. First,

because high inflation will drive zt to zero, there is a limit to the amount of ”extra”

inflation that can be generated by adoption of the new asymmetric inflation averaging

rule. Second, if the inflationary shock hits before the learning process has converged the

new rule will be less effective in countering future trips the ELB; 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.

6 Monetary policy shocks and learning

Monetary policy shocks play a central role in the inference problem faced by the agents in

our model. These shocks encompass measurement error or other random technical factors

that have little economic content. However, in the real world, they also reflect purposeful

deviations from simple rules with particular policy goals in mind. A notable example is

when policy is tilted in one direction or the other for risk management considerations

during periods of heightened uncertainty or asymmetric risks to policy goals.22

How might such discrete policy shocks impact our model? The previous section demon-

strated how an outsized inflationary shock could quickly shut down the learning process.

Recognizing this, the central bank may choose to purposefully raise rates less aggressively

in order to emphasize its commitment to the new policy rule and spur the learning pro-

cess. Alternatively, a large inflationary shock could raise the central bank’s concern over

its ability to reign in inflation expeditiously enough to keep inflation expectations from ris-

ing above target. Here it might consider a more aggressive response to the inflation shock

to insure that the adoption of the new rule is not misperceived as a lack of commitment

22Evans et al. (2015) cite historical narrative and find some statistical support that the Federal Reserve
has deviated from its baseline policy due to uncertainty or asymmetric risks.
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Figure 7: Monetary policy shocks and learning. 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. The lines show the means, and the shaded areas indicate the 90
percent range of outcomes across the 1,000 simulations, which differ only in the sequence of
monetary policy shocks. The dotted line indicates when zt turns positive in all scenarios (for
the mean).

to both sides of the inflation target.23

In Figure 7 we start with the inflation surge from the previous section, when a large

markup shock in period 12 soon shuts down the learning process. We first compare this

simulation to one in which the central bank purposefully raises rates less aggressively. We

do so by introducing a negative ϵM,t monetary shock in period 13, so after there has been

some time to observe the impact of the markup shock but while zt is still negative and

the new rule is operative. As seen in the red dashed lines, with this shock inflation and

output rise faster than in the baseline, but once the monetary policy shock returns to zero

the rate paths and economic outcomes are qualitatively the same. However, agents now

estimate larger values for ξ̂z|t and σ̂η|t. This occurs because when agents see rates rise

less than they expected, they surmise they have witnessed some combination of a reaction

to zt < 0 that is bigger than previously estimated or a monetary policy shock from the

23If agents believe the central bank might inject discretionary shocks aimed at influencing the learning
process, then the equilibrium in our model could be different. Expanding the model to consider these
interactions is beyond the scope of this paper.
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tail of the estimated distribution. They revise their posteriors according to the inference

problem described in Section 3, which increases both ξ̂z|t and σ̂η|t. So this discretionary

action will result in offsetting more of the disinflationary bias, but comes at the cost of

temporarily higher inflation and increased volatility relative to the baseline.24

We next consider the central bank making a more aggressive response to the inflation

shock by imposing a positive shock ϵM,t shock to the policy function that boosts the policy

rate in period 13. As seen in the dashed black lines, this policy shock reduces both output

and inflation relative to the baseline and the looser policy alternative. The effects on

learning are large, as ξ̂z|t falls back toward the prior and σ̂η|t increases almost as much

as in the looser policy case. Accordingly, this policy intervention may have helped keep

current inflation down, but it comes with two costs – a reduced ability of the new rule to

counter the economy’s disinflationary bias and an increase in policy uncertainty.

These exercises highlight the complex interactions between learning, economic out-

comes, and discretionary actions by the central bank. The lesson here is that monetary

policy shocks not only have a short-lived impact on output and inflation, but also a longer-

lasting effect on learning and hence the future performance of a new the monetary policy

rule.

7 The new strategy and the 2021-22 inflation shock

In this section we consider a real world example of learning a new monetary policy rule

in the presence of large shocks to the economy. Not long after the Federal Reserve’s

new framework was introduced in August 2020, inflation in the US rose sharply. The

four-quarter change in the core PCE price index increased from 1 percent in 2020:Q2

to 3.4 percent in 2021:Q2 and 5.2 percent in 2022:Q1.25 But with forecasts that the

inflation surge would be transitory and continued concerns about the health of the labor

market, the FOMC held the federal funds rate at the ELB until March 2022. The Eurozone

experienced a similar similar experience around the time of its adoption of a new monetary

policy strategy.

24One could also construct examples where even stronger negative deviations from the rule drive ξ̂z|t
above one, imparting a long-run inflationary bias that the central bank would need to counter. However,
this risk is limited; while the less aggressive response boosts ξ̂z|t, it also results in higher inflation and
thus pushes zt to zero faster and shortens the learning period. These trade-offs are not large in the
scenarios we consider; still, conceptually the central bank would need to take account if considering such
an intervention.

25These inflation rates are those published at the time.
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Figure 8: Cumulated inflation misses over time. The blue line shows the evolution of zt, the accumulated
discounted past inflation misses from equation (5), starting from when interest rates in the
US first went to the ELB at the end of 2008. The vertical green line marks the announcement
of the new rule in 2020:Q3, and the gray shaded areas indicate ELB periods.

We look at this US episode through the lens of our model to see how such an inflationary

shock and monetary policy path would influence private sector agents’ learning of a new

policy rule and to consider how the change in the rule may have influenced output and

inflation. To be clear, we are not suggesting that our highly stylized model accurately

captures the economic circumstances of the time or the decisions made by the Federal

Reserve. Instead, we see it as an interesting calibration exercise for the kinds of shocks

that might pose substantial challenges to the learning process and in turn how these might

feed back on economic performance.

We start by making our model match the US data. We search for a combination of

preference, markup, and monetary policy shocks that explain the observed data on real

per capita GDP growth, core PCE inflation, and the federal funds rate from 2020:Q2 to

2023:Q3.26 Appendix C provides the details how we do so. Given we have 3 shocks, we

are able to closely match the data (see Figure 9).27

26There is no consensus on the source(s) of the post Covid inflation. Bernanke and Blanchard (2023)
estimate a large role for shocks to commodity prices and major sectoral shifts in demand running into
sector-level capacity constraints; this latter effect is also the focus of theoretical work by Guerrieri et al.
(2021). Giannone and Primiceri (2024) estimate a predominant role for unexpectedly strong demand,
while Ball et al. (2022) argue nonlinearities in the Phillips curve and the pass through of food and energy
price shocks played an important role. With regard to fiscal sources, theoretical work by Bassetto and
Miller (2025) show how a discrete public reassessment of fiscal sustainably in light of unfavorable fiscal
news could result in a sudden jump in inflation and Bianchi et al. (2023) show how unfunded government
debt can help fight downturns but occasionally fuel a persistent rise in inflation.

27Our model clearly misses many important features needed to explain the Covid recession and recovery.
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Figure 9: Fit of the model to the data and the role of monetary policy shocks. The blue lines show real
GDP growth, core inflation, and the federal funds rate from the baseline fit of the model to
the data. The orange lines show the counterfactual path when monetary policy shocks are set
to zero, holding the other shocks fixed. The vertical green line marks the announcement of
the new rule in 2020:Q3.

Figure 8 shows the evolution of zt, the accumulated discounted past inflation misses

from equation (5), starting from when interest rates in the US first went to the ELB at

the end of 2008. The vertical green line in 2020:Q3 is when the new monetary policy rule

is announced and agents begin to learn it; zt is negative then and hence the new rule is

operative when introduced. However, it remains so only until 2021:Q2, when the surge

in inflation pushes zt > 0. Thus, agents only have 4 quarters in which to learn the new

rule. Further complicating the learning problem, as seen by the gray shaded bars, the

federal funds rate was held at the ELB for about a year after the inflation shortfall was

eliminated. The model fits this feature of the data by positing large negative monetary

Furthermore, our policy rule has no inertia in it, and so it would have difficulty fitting actual policy, even
in normal times. Consequently, the shocks we needed to use to match the data were quite large, sometimes
exceeding the boundaries of the grids we used when constructing our solution algorithm. We also tightened
the prior on ση for this exercise.
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monetary policy shocks (orange). The black stars denote the true values. The vertical green
line marks the announcement of the new rule in 2020:Q3.

policy shocks that prevent rates from rising. Such shocks also are needed to fit the slope

of the funds rate path after liftoff.

The blue lines in Figure 9 show output, inflation, and the federal funds rate from our

fit of the baseline model to the data. Since the monetary policy shocks were so important

in the fitting exercise, we also show in the orange lines a simulation of our model in which

these shocks are set to zero but with the same demand and markup shocks as in the

baseline. As can be seen, the policy shocks have a small effect on GDP, but produce a

much more accommodative path for policy and boost inflation by a noticeable amount.

The results for the learning process under the two monetary policy shock paths are

shown in Figure 10. In the baseline agents boost ξ̂z|t close to its true value of 1 within the

short learning window, a substantially faster pace of learning that in our earlier stylized

examples. This is accompanied, however, by σ̂η|t moving far away from its true value. In

contrast, in the absence of monetary policy shocks, agents learn very little about the new

rule: ξ̂z|t only gets to about 0.35 and σ̂η|t barely moves from it’s prior.

The rationale for these learning results in baseline scenario is qualitatively the same as

that for the negative monetary policy shock in the previous section, only the magnitudes

are much bigger as the shocks are larger and they are sustained over several periods. In

contrast, if there were no monetary policy shocks, policy would soon liftoff from the ELB

and then quickly become indistinguishable from the old rule. Hence not much learning

takes place in that scenario.

The jump in ξ̂z|t in the baseline will improve prospects for the economy in a subsequent

ELB episode. As seen in Figure 11, in terms of long-run inflation expectations, the terminal
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Figure 11: Impact of the rule on inflation and long-term inflation expectations. Comparison of outcomes
under the new policy rule with learning (blue), the new policy rule with full information (red),
and the old monetary regime (black). The left panel shows the difference in inflation relative
to the old monetary regime. The right panel shows long-term inflation expectation fir the
different cases. The vertical green line marks the announcement of the new rule in 2020:Q3.

value of ξ̂z|t is large enough to essentially eliminate the disinflationary bias associated with

the ELB. But this achievement only occurred because of the large monetary policy shocks,

and as noted above, these shocks are not a free lunch.28

The new policy rule improves performance of the economy by producing higher inflation

than the old rule around ELB episodes. This raises the question of how much of the post-

Covid inflation surge does our exercise attribute to the new rule. This is shown in Figure

11. The blue line plots the difference between inflation in our baseline and inflation if

the central bank had followed the old policy rule, and the red line plots the difference

in inflation from the old rule if the new rule was known with full information. These

are subject to the same monetary policy shocks used to construct the baseline. Here we

see that little of the run up in inflation is due to the new rule per se; at most it’s 1/2

percentage point under full information a quarter after introduction, and the difference

is negligible after 2021:Q1 when zt turns positive and the new and old rules look the

same. This is evidence of the natural limit on inflationary presented by the asymmetric

inflation averaging term. The larger differences in inflation between the baseline and the

no-monetary-shock case seen in Figure 9 are attributable to the effects of the monetary

policy shocks, not the effects of operating under the new rule.

28This exercise likely underestimates the degree of policy uncertainty induced by the monetary policy
shocks. Recall we assume agents know σM and only estimate ση. Once zt is zero, only ϵM,t is operative,
so agents would not have any reason to update σ̂η|t. In contrast, if agents did not know σM and were
estimating it, rates being kept at the ELB beyond 2021:Q2 would be interpreted as unusually large ϵM,t

shocks, increasing σ̂M |t.
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8 The costs of incomplete learning

This section provides some illustrative calculations of costs associated with incomplete

learning of the new rule and trade-offs that might arise from the central bank taking

discretionary actions that influence both ξ̂z,t and 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 or close variants

of it are often used to evaluate the relative efficacy of different monetary policy rules, see,

for example, Reifschneider and Willams (2000) and Bernanke et al. (2019).29

Specifically, 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 σ̂η 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.30

We start with the economy at steady state, and then calculate SL for a range of values

for {ξ̂z, σ̂R}. Table 2 shows the results of these experiments. In each entry, the central

bank follows the true rule with {ξη = 1,ση = 0} while agents believe and act as if ξz and

ση correspond to the entries in the table and do no learning. The left-hand panel of the

table shows the loss relative to the full information case in which the new rule is known,

the {ξ̂z = 1,σ̂η = 0.0} case in the lower-left corner. As most of the losses are experienced

when the economy hits the ELB, the right-hand panel shows the frequency of hitting the

ELB in each of the cases.

29Many models that calculate optimal monetary policy do so by minimizing such loss functions; see
Woodford (2003), Svensson (2010), and the Federal Reserve Board’s optimal control Tealbook analysis.

30Note that SL does not include a term in the squared change in the policy rate, which enters some
commonly used loss functions 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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Stochastic loss ELB probability

Policy shock σ̂η 0.00 0.20 0.40 0.60 1.00 0.00 0.20 0.40 0.60 1.00

AIT rule ξ̂z 0.00 1.19 1.20 1.22 1.26 1.38 17.75 18.37 19.09 20.59 24.31
0.25 1.09 1.10 1.11 1.13 1.17 13.69 14.01 14.40 15.27 17.23
0.50 1.04 1.05 1.05 1.07 1.10 11.37 11.61 11.91 12.55 13.95
0.75 1.02 1.02 1.03 1.04 1.06 9.81 9.99 10.21 10.73 11.88
1.00 1.00 1.00 1.01 1.01 1.03 8.69 8.83 9.00 9.41 10.32

Table 2: Policy shocks, stochastic loss, and ELB probability. σ̂η is measured in percentage points of the
net interest rate. Stochastic loss is reported relative to {ξz = 1, σR = 0}. The ELB probability
is in %.

The upper left hand corner with {ξ̂z = 0, σ̂η = 0} corresponds to agents believing the

central bank has made no change to its policy rule; the associated losses are 19 percent

larger than if the rule had been enacted with full credibility.31 As was suggested by our

analysis in Section 5, just a small degree of learning can result in much improved macro

outcomes, with SL for {ξ̂z = 0.25, σ̂η = 0} closing about half of the gap to the full

information case and the differences being negligible by ξ̂η = 0.75. Correspondingly, the

probability of hitting the ELB is shrunk in half if agents learn the new rule with certainty.

Still, at 8.7 percent, the odds of hitting the ELB are not trivial even under the new rule.

Increased uncertainty over the reaction function is costly, but not substantially so for

modest changes. At the prior for σ̂η, 40 basis points, holding the incorrect view of variation

in the policy rate with ξ̂z = 0 increases the normalized loss by only 3 basis points, with

the loss trivial for higher values of ξ̂z. Recall that in most of the scenarios we ran, σ̂η at

most exceeded the prior by a minute amount. The exception was our exercise matching

the 2021-22 inflation surge, when σ̂η rose to about 0.8 percent. This would result in more

meaningful losses for low values of ξ̂z, when agents do not believe the central bank had

made a meaningful change in its policy rule.

Taken as a whole, these results suggest that in our model inducing a modest degree of

uncertainty into agents’ perception of the interest rate rule may be a cost worth taking if it

improves learning ξz. This may reflect the well known fact that policy rules using common

parameterizations such as in our old rule will not replicate optimal policy that minimizes

a loss function such as SL. Rules with stronger reactions to inflation and output gaps

31Since the central bank follows the new rule in all of the entries on the table, the difference between
the upper left and lower left entries does not give the value of the new rule known with certainty relative
to the old rule. That calculation would indicate a 17 percentage point improvement in the new rule over
the old one with the probability of hitting the ELB falling from 15 to 8.7 percent
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generally do a better job at approaching optimal policy, and these effects are first order.

Hence a stronger reaction to inflation (larger values of ξ̂z) can be expected to result in

lower losses even if they are accompanied by modest changes in the perceived volatility of

policy.

We don’t want to push this result to far. Alternative parameterizations would influence

the trade-offs. Greater risk aversion would boost precautionary saving motives, making

increased uncertainty over the policy function more costly. Greater inertia, for example

through interest rates smoothing in the policy function or backward-looking price setting

behavior, would prolong the effects of policy shocks. Either of these could increase the

relative costs of missing estimates of ση.

9 Conclusions

Under traditional monetary policy strategies, the limits on reducing policy rates presented

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

tions relative to the central bank’s target. This bias impinges on the central 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 asym-

metric 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 policy

rule.

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

impediments to the learning process. Recessionary shocks may delay learning by inducing
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a second trip to the ELB; however, learning will resume and potentially be more powerful

upon the second ELB exit. In contrast, inflationary shocks that cause the inflation aver-

aging goal to be achieved before agents fully absorb the new policy rule can derail learning

entirely. But as long as credibility is maintained, the costs of any additional above-target

inflation generated by the new rule are limited as past average shortfalls are driven to zero

and policy reverts back to the same inflation-fighting prescriptions the central bank had

always followed.

The central bank could consider deviating from its new rule at times in order to

deliver better near term economic outcomes or to influence the learning process and better

establish the new policy. But doing so comes with costs, including inducing additional

uncertainty about future monetary policy actions. Such trade offs are evident when looking

through the lens of our model at the surge in inflation following introduction of a new policy

rule in the US.
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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 12 shows some alternatives for the prior mean and

standard deviation of ξz, EPrior (ξZ) and StdPrior (σR), respectively. The simulations follow

the analysis in Section 4, and so do not include subsequent recessionary or inflationary

shocks.

As would be expected, increasing the prior mean by itself results in a higher shadow

rate and faster learning of ξz and ση – and hence higher long term inflation expectations

– than in the baseline. This can be seen by comparing the blue baseline scenario with

the red dashed line case, which has the same StdPrior (σR) but larger EPrior (ξZ). The

differences are less pronounced between the black and orange lines, which have the same

pair of EPrior (ξZ) as the blue and red lines, but a larger common StdPrior (σR).
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Figure 12: Impact of alternative priors for the structural components ξzt 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 (orange). The lines show the means, and the shaded
areas indicate the 90 percent range of outcomes across the 1,000 simulations, which differ
only in the sequence of monetary policy shocks.
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A larger prior standard deviation also speeds learning relative to the baseline, because

agents are more receptive to incoming information moving their views away from their

prior. This is seem by comparing the black with the blue line and the orange with the

red lines. 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 shock occurs that hastens liftoff relative to the baseline, agents would

more readily lower their views of ξz if they had a larger prior standard deviation.32

These results point to the benefits of the central bank trying to move agents’ priors

closer to the true policy parameters or make them more receptive to the idea that a change

in the policy rule has taken place. Clear communications about the new policy rule at the

announcement and while shadow rates are still well below the ELB would be helpful. So

would be concrete actions. 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 operating a lower-for-longer interest rate policy.

32In the examples we chose, the effects of starting the learning process closer to the truth – a larger
EPrior (ξZ) – is less important than having a looser prior – a larger StdPrior (σR). We do not analyze how
robust this result would be to alternative shock scenarios.
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B Non-linear solution method with parameters as

pseudo state variables

We solve the model in its non-linear form using global methods to allow the model’s

nonlinearities to influence economic outcomes. Therefore, the possibility of hitting the

zero lower bound in the future affects potentially the equilibrium outcome in times of

unconstrained monetary policy.

One challenge we face is that for every experiment we run, we need to solve the model in

every period at many different values for the structural parameters, ξZ and σR, that agents

are learning. As the model features three stochastic shocks, the computational burden is

significant, rendering usual global solution approaches intractable.33 To overcome this

issue, we speed up the process by treating these parameters as pseudo-state variables and

solving the model conceptually in line with Kase et al. (2022). We compute decision rules

that are conditioned not only on the time-varying state variables, but also on the constant

parameters. We use this step to front-load the costs of solving the model. When we need

to simulate the model, we can rely on our pre-solved solution and quickly simulate the

model forward. While our initial model solution with these decision rules takes several

hours to compute, a model simulation during the likelihood evaluation step is solved in

less than a second.

We use time iteration with piecewise linear interpolation of the decision rules as in

Richter et al. (2014), which has been used for instance in Bianchi et al. (2021) to han-

dle the non-linearities associated with zero lower bound.We adapt this solution approach

by treating the parameters as pseudo-state variables. Expectations are calculated using

numerical integration based on Gauss-Hermite quadrature.

In the parlance of this literature, the pseudo state variables Pt are ξZ and ση, the state

variables Xt are zt, ϵd,t, ϵµ,t, and ϵR,t, and the control variables are inflation πt and output

yt.
34 The control variables are determined by an extended decision rule, g:[

πt

yt

]
= g (ξZ , ση, zt, ϵd,t, ϵµ,t, ϵR,t) (17)

where g : R6 → R2. We approximate this unknown extended decision rule with a piecewise

33The model actually features four shocks. However, we can combine the two components of the
monetary policy shock to a single monetary policy shock when solving the model.

34Note that ϵR,t = ϵM,t + ϵη,t · 1zt<0.
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linear function g̃ that can be written as:[
πt

yt

]
= g̃ (ξZ , ση, zt, ϵd,t, ϵµ,t, ϵR,t) (18)

The solution procedure for the extended decision rule is summarized as follows:

1. Define a discretized grid for the pseudo-state variables
{[

ξ
Z
, ξZ

]
, [σR, σR]

}
,

states
{
[z, z] , [ϵd, ϵd] ,

[
ϵµ, ϵµ

]
, [ϵR, ϵR]

}
and the integration nodes ϵ ={[

eId, e
I
d

]
,
[
eIµ, e

I
µ

]
,
[
ϵIR, ϵ

I
R

]}
.

2. Guess the piece-wise linear extended decision rule g̃ (ξZ , σR, zt, ϵd,t, ϵµ,t, ϵR,t).

3. Solve for all endogenous time t variables for a given pseudo state variables vector

ξZ , σR and state vector zt, ϵd,t, ϵµ,t, ϵR,t. The control variables are:[
πt

yt

]
= g̃ (ξZ , σR, zt, ϵd,t, ϵµ,t, ϵR,t) (19)

The interest rate is then given as

Rt = max

[
1, R

(πt

π

)ϕΠ

(
yt
y

)ϕY

+ 1zt<0 · ξzzt + ϵR,t

]
(20)

where we do not need to distinguish whether the monetary shock comes from the

usual component or from the new average inflation targeting component. We can

then calculate consumption, wage and marginal costs:

ct = yt
(
1− 0.5φ(πt/π − 1)2

)
(21)

wt = χyηt c
σ
t (22)

mct = wt (23)

4. Move to time t+1. Update the term that captures the inflation misses,

zt+1 = ρzzt + ϕz(πt − π) (24)

We then calculate the the monetary shock at each integration node i, which is

ϵiR,t+1 =

ϵim,t+1 + ϵiν,t+1, if zt+1 < 0

ϵim,t+1, else
(25)
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where we exploit that σR = σM + ση · 1zt<0.

Next, calculate the remaining exogenous state variables for period t + 1 at each

integration node i:

ϵid,t+1 = 1− ρd + ρdϵd,t + eid,t+1 (26)

ϵiµ,t+1 = 1− ρµ + ρµϵµ,t + eiµ,t+1 (27)

For each integration node, calculate the control variables:[
πi
t+1

yit+1

]
= g̃

(
ξZ , σR, zt+1, ϵ

i
d,t+1, ϵ

i
µ,t+1, ϵ

i
R,t+1

)
(28)

Afterwards, calculate consumption at each integration node:

cit+1 = yit+1

(
1− 0.5φ(πi

t+1/π − 1)2
)

(29)

Calculate the errors for the Euler Equation and the New Keynesian Phillips curve

err1 = 1− βRtEt

[
ϵd,t+1

ϵd,t

(
ct
ct+1

)σ
1

πt+1gt+1

]
(30)

err2 = φ
(πt

π
− 1
) πt

π
− (1− ϵ)− ϵmct − ϵµ,t (31)

− βφEt

[
ϵd,t+1

ϵd,t

(
ct
ct+1

)σ (πt+1

π
− 1
)(πt+1

π

) ỹt+1

ỹt

]
where the expectations are numerically integrated across the integration nodes. The

nodes and weights are based on Gaussian-Hermite quadrature.

5. Minimize the errors for the equations by adjusting the decision rules with a numerical

root finder.

6. Update the decision rules until the errors at each point of the discretized state space

(including the pseudo state variables) are sufficiently small.

7. Once g̃
(
ξZ , σR, zt+1, ϵ

i
d,t+1, ϵ

i
µ,t+1, ϵ

i
R,t+1

)
is determined, linearly interpolate

between between discretized points to get the continuous decision rule

g (ξZ , ση, zt, ϵd,t, ϵµ,t, ϵR,t).

We discretize the two endogenous pseudo state variables ξZ and σR in 12 and 11, respec-

tively, evenly spaced points with bounds of [0, 1.1] and [0.00001, 0.002]. The endogenous
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state variable zt is discretized using 15 evenly spaced points with bounds of ±0.012. The

preference, markup and (combined) monetary policy shocks are discretized in 11 evenly-

spaced points, where the bounds are chosen to be 1±6σd, ±5σµ, and ±16σR, respectively.

The total number of nodes is 2, 635, 380. Gauss-Hermite quadrature nodes provide the

integration nodes and the corresponding weights used for numerical integration. We use 7

integration nodes for each shock, so that expected values are computed using 343 weighted

points.
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C Empirical analysis of the 2020 framework review

This appendix section describes our approach to map our model to the data over 2020-2023.

This allows us to evaluate the learning process of the Federal Reserve’s new framework

through the lens of the model.

We start with a measurement equation that connects the observed time series that we

want to match to our model. Specifically, we want to map the dynamics of real GDP per

capita growth, PCE core inflation, and the federal funds rate. The measurement equation

is GDP Growth Per Capita

PCE Core Inflation Rate

Federal Funds Rate

 =


100

Yt − Yt−1

Yt−1

400 (Πt − 1)

400 (Rt − 1)

 (32)
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Figure 13: Fit of the model to the data. The blue lines show real GDP growth, core inflation, and the
federal funds rate from the baseline fit of the model to the data. The black dash-dotted lines
show the data. The vertical green line marks the announcement of the new rule in 2020:Q3.
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We search for a sequence of shocks for our demand, markup, and monetary policy

shocks that minimizes the distance in the measurement equation. We start with a random

guess of 100 draws for each shock in each period, and then, in each period, use the draw

that minimizes the squared distance between the data and the model. We then use the

best draw in each period as our new starting point and draw again 100 shocks around this

new point. The procedure is then continued until a sufficiently close fit of the model and

the data.

The fit of the model and data can be seen in Figure 13 for the three series. The results

indicate that our method achieves a strong fit. While the provided solution is not unique,

as we have four shocks and the model is non-linear, such a poor man’s filter serves as a

very reasonable reference point.
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