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Abstract

In this paper, I use a Markov Chain Monte Carlo algorithm to
estimate a model of private-sector behavior that does not feature
private-sector knowledge of themonetary policymaking process and,
instead, leaves firms and households uncertain about howmonetary
policy is set. The private sector entertains two competing views of
monetary policymaking, which I estimate. Firms and households
use Bayes’ law on a rolling data sample to distinguish between those
two models.

I use this setup to study the evolution of beliefs about the Federal
Reserve and the possible gains from transparency.

∗email: christian.matthes@rich.frb.org. The views expressed in this paper are those
of the author and should not be interpreted as those of the Federal Reserve Bank of
Richmond or the Federal Reserve System. Address: FRB Richmond, Research Depart-
ment, P.O. Box 27622, Richmond, VA 23261. I want to thank two anonymous referees,
Francisco Barillas, Timothy Cogley, Martin Ellison, Mark Gertler, Jonathan Halket,
Anastasios Karantounias, VirgiliuMidrigan, James Nason, Kristoffer Nimark, Thomas
Sargent, Daniel Waggoner, Tao Zha as well as seminar and conference participants at
the Federal Reserve Bank of Atlanta, NYU, Emory, the Federal Reserve Bank of Rich-
mond, Pompeu Fabra, the Board of Governors of the Federal Reserve System, Tilburg,
Paris School of Economics, the Federal Reserve Bank of Dallas, the Dynare conference
in Helsinki, the DNB-ECB-RUG conference on Central Bank Communication in Ams-
terdam, HECER and the Bundesbank for helpful comments.

1



1 Introduction

From 1960 to 2005 there have been five Federal Reserve chairmen, each
with possibly different views about monetary policy and faced with dif-
fering degrees of political pressure and different economic environments,
from the oil price shocks of the 1970s to the prosperity of the 1990s. The
Federal Funds rate has varied greatly within this period, from 2 % to
18 % annualized, showing a great degree of variation in the Federal Re-
serve’s main policy instrument. Figure (1) displays those large move-
ments in economic conditions and, in particular, the Federal Funds rate.
The alternating grey and white bars represent the terms in office of the
five chairmen during this sample.

FIGURE 1 HERE

Given these large changes over time it seems natural to ask how the pri-
vate sector’s view of Federal Reserve policy has evolved. This paper is
concerned with calculating objects that can be interpreted exactly as rep-
resenting the private sector’s view of monetary policy since 1960, and
inferring the effects of changes in these beliefs on macroeconomic out-
comes, namely output and inflation. In particular, I will ask what the
gains from transparency are: how would these outcomes have changed
if the private sector’s beliefs about monetary policy coincided with the
actual policy conduct of the Federal Reserve?

A standard NewKeynesian model (or any rational expectations model
featuringmonetary policy for that matter) posits a policy rule that is both
the rule the central bank in that model follows and the policy rule that
firms and households use to form beliefs about the path of future inter-
est rates. I remove the assumption of rational expectations of firms and
households from such a New Keynesian model. Instead, the private sec-
tor is uncertain about how monetary policy is set and uses Bayes’ law on
a rolling data sample to update the model probabilities on two models of
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monetary policymaking. The models (i.e. monetary policy rules) that the
private sector is endowed with are solutions to optimal policy problems,
one under discretion and one under commitment. The preferences of the
hypothetical central banks in the two models are allowed to be different
from each other. I estimate these parameters jointly with the other pa-
rameters governing private-sector behavior using a Metropolis-Hastings
algorithm to provide both a well-fitting model and estimates of statisti-
cal uncertainty for the policy experiments in later sections. While I will
sometimes refer to one view of monetary policymaking as that associ-
ated with commitment (and the other view with discretion), it is impor-
tant to keep in mind that the two views differ not only in that dimension.
The learning problem that private agents face is about distinguishing
between two central bank types that could possibly differ along many
dimensions. One of the goals of the paper is to find out what different
central bank types considered by the public help explain the data1.
Firms and households do know the preferences of the hypothetical central
banks within each model, so the statistical problem that private agents
face each period is to discriminate between two models with known pa-
rameter values. Disregarding possibly large shifts in beliefs induced by
learning could lead to substantial misspecification of the model, which
would invalidate the counterfactuals I present in this paper. It is im-
portant to note that in this paper I only model the beliefs about mone-
tary policy held by private agents. I do not model the actual behavior of
the Federal Reserve during the sample2. It is exactly the assumption of
learning by private agents that lets me disentangle beliefs about policy
rules from actual policy rules. My modeling approach is thus consistent
with a number of different assumptions about how the Federal Reserve

1The online appendix describes the fit of alternative specifications, one of which fea-
tures two policymakers that only differ with respect to discretion and commitment, and
shows that the fit is worse.

2This will become clearer once I discuss my estimation approach
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actually set policy during the sample I consider (e.g. the Fed learning
about the economy as in Primiceri (2006) and Sargent, Williams & Zha
(2006) or the Fed being aware of the private agents’ learning as in Cog-
ley, Matthes & Sbordone (2011) and Molnar & Santoro (2010)). Other
papers in the literature on learning (e.g. Sargent et al. (2006)) have as-
sumed that the agents who learn use amisspecifiedmodel of the economy.
Here, instead, I show how to infer the parameters governing the behavior
of the agents who learn without having to take a stand on whether or not
their views are misspecified.

Using data on inflation, output, and interest rates, I find that the
private sector in the 1960s firmly believed that the Federal Reserve was
a discretionary policymaker, a finding in line with anecdotal evidence.
Only in 1980 were policy actions of the Volcker Federal Reserve able to
significantly move the private sector’s beliefs toward a central bank that
acts under commitment and prefers lower inflation. However, this shift
is less pronounced than what is often believed.

I calculate a series of counterfactuals, varying both the path of nom-
inal interest rates and the private sector’s beliefs about the Federal Re-
serve. These counterfactuals lead to themain finding of this paper: trans-
parency matters - a central bank can have trouble reaching its goals even
if it follows a ’good’ policy (in a sense that will become clear later) as long
as agents have doubts about the central bank’s behavior.

I also compute the private sector’s expectations of inflation and the
output gap, and find that these expectations are reasonable when com-
pared to both actual outcomes and surveymeasures of expectations. This
paper thus provides evidence that models of optimal policymaking under
commitment and discretion can be helpful to understand the evolution of
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output and inflation in the US since 19603. In order to fit the data well,
we need to allow for differences in preferences across these hypothetical
policymakers though.

This study is closely related to work by Bianchi (2013) and Liu, Wag-
goner & Zha (2009), where the private sector also considers two possi-
ble models of policymaking. However, in those models the private sector
does not face a learning problem. Rather, the private sector in these
models knows the type of central bank in power today, but considers the
possibility of a future change in the policy rule, a feature absent in this
paper4. Hence, the approach taken by these papers and the approach
taken here are complementary. The approach I take appears to be more
convenient for addressing the possible gains from transparency. Another
key difference between these papers and the work presented here is the
set of monetary policy models that the private sector is endowed with. I
endow the private sector with models derived from optimal policy prob-
lems under different assumptions about the level of commitment while
the papers mentioned before follow most of the literature on New Key-
nesian models and use Taylor-type rules5. Bianchi & Melosi (2013) do
model learning in an environment in which the policy rule follows a dis-
crete state Markov chain, but they only endow agents with a very specific
kind of uncertainty: agents in their model are aware of the policy rule
coefficients in place today (in contrast to the agents in this paper), but
they are uncertain how long this policy rule will be in place.

3Other papers that have looked at the empirical implications of optimal policymaking
include Ireland (1999) and Ruge-Murcia (2003), who find that models in the spirit of
Barro & Gordon (1983) are helpful for understanding US economic outcomes. Those
papers focus on discretionary policymaking and do not feature private-sector learning.

4The learning algorithm employed by the agents will be set up in such a way that
they can detect changes in the model generating the interest rate rather quickly, thus
offering some ’implicit insurance’ against changes in the model governing monetary
policy.

5For an in-depth discussion of the class of models used by Bianchi (2013) and Liu
et al. (2009), see Farmer, Zha & Waggoner (2009).
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Roberds (1987), Schaumburg & Tambalotti (2007), Debortoli &Nunes
(2007) and Debortoli & Nunes (2008) use a framework where a policy-
maker can reoptimize (and thus renege on prior commitments) at random
points in time. Hence, their approach could give a possible explanation
for changes in private sector beliefs about committed vs discretionary
policymakers if that approach was embedded in a learning framework.6

However, similarly to the papers mentioned in the previous paragraph,
firms and households in this strand of the literature do not face a learn-
ing problem because they can observe when a reoptimization takes place.
This paper is also connected to a line of research in which models with
optimizing central banks are estimated (instead of central banks follow-
ing an ad-hoc, but well fitting policy rule). Papers that follow this ap-
proach include Ozlale (2003), Surico (2007) and Adolfson, Laseen, Linde
& Svensson (2010). To the best of my knowledge, these papers do not
consider private sector learning or estimation of preferences of both dis-
cretionary and committed central banks.

Technically this paper contributes to the growing literature on the es-
timation of learningmodels inmacroeconomics by presenting a likelihood-
based approach that allows the econometrician to leave unspecified the
"true" data-generating process for the aspects of the economy aboutwhich
the economic agents are uncertain. Instead, the econometrician can focus
on the perceived law of motion of the agents. This approach is embedded
in a Markov Chain Monte Carlo algorithm to calculate posterior distri-
butions of statistics of interest.

6Debortoli & Nunes (2008) also allow for changes in preferences when the policy-
maker can renege on its previous promises. I find in my estimated model that the two
hypothetical central banks that the private sector considers have substantially different
preferences.
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2 The Model

The private sector in the economy described in this section holds beliefs
about monetary policy that evolve over time, as described in the second
subsection. These beliefs influence not only the agents’ expectations of fu-
ture short-term nominal interest rates, but also their views about steady
state inflation and, as a consequence, the steady state nominal interest
rate. The uncertainty about how monetary policy is set is the only un-
certainty (besides uncertainty about future exogenous variables) that the
private sector faces. In particular, firms and households know all param-
eter values of both monetary policy models; however they do not know
which of the two models generates the nominal interest rate.

2.1 Private Sector Behavior Conditional on Beliefs

Conditional on the perceived steady state of inflation and one-step-ahead
expectations of inflation π and (log) output deviations from trend y7, cur-
rent period values of those variables are determined by a New Keynesian
Phillips Curve with full indexation to past inflation and the representa-
tive household’s Euler equation:

πt − πt =
β

1 + β
Et(πt+1 − πt) +

1

1 + β
(πt−1 − πt) +

κ

1 + β
yt − zt (1)

yt = −σ−1(it − it − Et(πt+1 − πt)) + Etyt+1 + gt (2)

zt = ρzzt−1 + εzt (3)

gt = ρggt−1 + εgt (4)

Variants of these equations under rational expectations (and thus a con-
stant perceived steady state, which equals the true steady state) can be

7Theoretically y is defined as the log ratio of output and the efficient level of output. It
turns out, conveniently for the empirical application below, that this output gap seems
to behave very similar to standard measures of the output gap such as deviations from
an HP-filtered trend, as found by Justiniano & Primiceri (2008).

7



derived as an approximation to the equilibrium conditions of a non-linear
representative agent model withmonopolistically competitive firms. One
model that leads to the equations given here can be found in Del Negro
& Schorfheide (2004), with the exception that Del Negro & Schorfheide
(2004) do not use an indexation scheme for prices, leading to a New Key-
nesian Phillips curve that does not include a lagged inflation term. A
price setting scheme that leads to the Phillips curve described here can
be found in Christiano, Eichenbaum & Evans (2005)8.

The exogenous shocks zt and gt can represent awide variety of stochas-
tic disturbances hitting the economy, depending on the exact set-up of the
underlying non-linear model. For the purposes of this paper the exact in-
terpretation of these shocks is not crucial (a similar approach has been
taken by, among others, Bianchi (2009) and Lubik & Schorfheide (2004)).
Both exogenous shocks follow AR(1) processes, where the innovations εzt
and εzt follow a bivariate normal distribution with variances σ2

z and σ2
g

and a contemporaneous correlation coefficient of ρgz. This correlation is
necessary if we want to allow for the possibility of structural shocks in
the underlying non-linear economy that feed into both zt and gt, such as
in Lubik & Schorfheide (2004)9.

The parameter κ governs the slope of the New Keynesian Phillips
curve10. Its value is inversely related to degree of price stickiness in the
underlying non-linear economy. πt and it denote the perceived steady
state variables of inflation and the nominal interest rate, where the per-
ceived steady state value of the latter is given by the sum of perceived

8I choose a small scale New Keynesian model as my point of departure since I want
to show that even a small scale model, augmented with learning, can do a good job at
capturing broad movements and regularities in US economic time series.

9The description of a micro-founded model which leads to correlated shocks in the
log-linear approximation of the equilibrium conditions can be found in Bianchi (2009),
for example.

10Since I assume full indexation to lagged inflation, the Phillips curve coefficients
are independent of the perceived level of steady state inflation. See Ascari (2004) for a
discussion of this result.
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steady state inflation πt and the steady state real interest rate r. The
steady state real interest rate r is known by the agents and is indepen-
dent of their views regarding monetary policy. Note that because of the
specific form of the New Keynesian Phillips curve assumed here πt actu-
ally drops out of (1). Furthermore, because of the relationship between
the perceived steady states of inflation and nominal interest rates, one
could rewrite (2) as a function of r instead of πt and it. Thus, changes in
perceived steady states from period to period only influence output and
inflation via Et(πt+1) and Et(yt+1).

2.2 Belief Formation - Calculating Model Probabili-

ties

The private sector is endowed with two models of monetary policymak-
ing11. Each model is a description of how a fictitious central bank in that
model would set the nominal interest rate given a set of variables that
are observable to the private sector (the members of that set will depend
on the model at hand). The policy prescriptions of these two models will
be denoted by

ict = f c(Xc
t ) (5)

idt = fd(Xd
t ) (6)

where c and d denote the twomodels andXc andXd denote the observable
variables governing policy in each model. How the private sector comes
up with these two policy rules is the subject of the next two subsections.
It is important to highlight here that these policy rules only represent
private agents’ beliefs about monetary policy, not the actual conduct of

11I will refer to those two models as "submodels" throughout the paper.
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monetary policy. I use an estimation approach (described in detail below)
that allows me to remain silent on the actual data generating process for
the nominal interest rate.
Given these two policy rules, the private sector calculates the likelihoods
lct and ldt of the observed interest rate data at time t given each model
and the sequence of relevant right-hand side variables. Therefore, the
private sector only learns about the two models via the observed inter-
est rates. Because I will assume throughout that the state variables for
each policy model, Xc

t and Xd
t , can be observed by the private sector, the

private sector could use (5) and (6) to immediately infer which of the two
models, if any, is correct when it observes the interest rate it at period
t. To make the agents’ learning problem more interesting, I will assume
that the agents know that both policy models are imperfect descriptions
of monetary policymaking. The private sector realizes that each period
there will be a difference between the two models’ policy prescriptions
and the observed nominal interest rate. The private sector assumes that
the differences between each models’ prescription and the observed in-
terest rate follows the same distribution, as can be seen below.

it = ijt + νjt , j ∈ {c, d} (7)

νjt ∼ N(0, σ2
ν)∀j, t

Equation (7) is then used to form the likelihoods lct and ldt each period. De-
viations of prescribed interest rates are penalized equally across models,
as both error terms are assumed to follow the same distribution when
the private sector calculates the likelihoods. The error terms can be in-
terpreted as a manifestation of the private sector’s realization that the
models of monetary policymaking it considers are imperfect descriptions
of the data. However, this setup is open to other interpretations as well.
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The error terms could also be interpreted as the private sector realizing
that the nominal interest rate cannot be perfectly controlled by the cen-
tral bank, for example. To economize on notation, I define pjt and Ej

t (.) as
follows:

pjt ≡ p(model j|It) (8)

Ej
t (.) ≡ E(.|It,model j) , j ∈ {c, d} (9)

where It is the information set at time t.
Given prior model probabilities pc and pd, the private sector then uses
a Quasi-Bayesian approach to attach probabilities to each model each
period by calculating model probabilities the following way:

pct =
(
∏t

i=t−t∗ l
c
i )p

c∑
j=c,d(

∏t
i=t−t∗ l

j
i )p

j
(10)

For a fixed t∗, this approach is Quasi-Bayesian because it only applies
Bayes’ Law to a rolling sample of observations instead of the entire avail-
able sample12. The private agents in this model thus ask the question:
"In the past t∗ periods, which of the models of policymaking is more likely
to have generated the data?".
If, instead, we set t − t∗ equal to period 1 of the entire data sample for
each t, the equation given above is equal to the more common recursive

12Two comments about this setup are in order:
1. If the available sample includes less than t∗ +1 datapoints the private sector will

use all available data until the sample becomes large enough so that the restric-
tion to start the model probability calculation at time t− t∗ becomes meaningful.

2. This restriction is similar in spirit to constant gain least squares learning, which
is used in the majority of the literature on learning in macroeconomics. That
approach puts greater weight on more recent observations versus observations
that are further in the past. For more details on this approach see, for example,
Evans & Honkapohja (2001).
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representation of Bayes’ law:

pct =
pct−1l

c
t∑

j=c,d p
j
t−1l

j
t

(11)

Allowing the private sector not to use all past data leads to a situation
where model probabilities adjust more quickly to new evidence in favor
of one of the submodels. Choosing a fixed t∗ (and thus having agents
put no weight on observations more than t∗periods in the past) can be
interpreted as agents having a view of the world where the true policy
rule changes over time in an infrequent manner. To be more specific,
the approach taken in this paper can be viewed as an approximation to
a situation where agents think that the central bank policy rule follows
a two-state Markov chain and the Markov state is very persistent (most
likely not a bad approximation for the application in this paper).
The online appendix discusses the calculation of one-period ahead expec-
tations. Why is it enough to focus on one-period ahead expectations? For
a given set of beliefs pjt , agents can form expectations of any variable of
interest at any horizon as a probability weighted average of outcomes un-
der the two different models of monetary policymaking. Here I assume
that agents think that probabilities will not change in the future, which
is akin to the anticipated utility assumption often invoked in learning
models (see for example Primiceri (2006)). In the context of this paper we
have very good reason to make this assumption: Bayesian model proba-
bilities followmartingales under the subjective probability measure used
by agents13.Thus agents do not expect the probabilities to change in the
future.
Given this perceived (or subjective) probability measure, we can take
standard first order conditions for any infinite horizon decision problem
and arrive at standard optimality conditions (such as the consumption

13See the online appendix for a proof.
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Euler equation) that link state variables, date t decision variables and
expectations of variables dated t+ 114.

2.3 Optimal Policy Under Commitment

The policy rule f c(Xc
t ) is derived as the solution to an optimal policy prob-

lem15 where the hypothetical central bank solves the optimal policy prob-
lem described below once, and then commits to that policy rule forever.
The hypothetical policymaker in this submodel minimizes the objective
function (12) subject to constraints (1)-(4) under the additional assump-
tion that the expectations in the objective function and the constraints
are formed conditional on this model being true (in other words, rational
expectations conditional on this being the truemodel of monetary policy),
i.e. not taking into account the private sector’s algorithm for forming ex-
pectations over twomodels of monetary policymaking16. This simplifying
assumption allows me to use a standard algorithm (see Soderlind (1999)
or Backus & Driffill (1986)) to solve this optimal policy problem, which
will make estimation of the model feasible.

Ec
0

∞∑
t=0

βt
[
(πt − πc)2 + λc(yt)

2 + λci(it − ic)2
]

(12)

14Only one-period ahead expectations appear in the equilibrium conditions because
the agent’s view of the world as encoded in their perceived law of motion allows them to
use the law of iterated expectations. Private agents here are fully aware of the market
structure and the knowledge that other private agents possess, which allows them to
use the law of iterated expectations, in contrast to the agents in Preston (2005).

15Note that the policy here is optimal for an ad-hoc loss function whose parameters
are estimated. The same is true for the corresponding policy problem under discretion.
Having possibly different values for loss function parameters for the two specifications
is crucial for the fit of the model (see the online appendix, which is available on my
website).

16The hypothetical central banks studied in this paper ignore the impact that their
actions might have on the probabilities attached to each type of policymaker. For a
study of a central bank that does take into account that its actions influence the learning
process of private agents (and does so optimally) see Cogley et al. (2011).
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As is standard in the solution of optimal policy problems under com-
mitment, lagged Lagrange multipliers on the constraints that feature
forward-looking expectations (λNKPC,t−1 on (1) and λIS,t−1 on (2)) become
state variables that influence the optimal choice of the nominal interest
rate in this model each period. These lagged Lagrange multipliers repre-
sent the influence of past commitments on current policy actions. Thus
Xc
t is given by

Xc
t =



πt−1

zt

gt

λNKPC,t−1

λIS,t−1


(13)

The preference parameters πc, λc and λci will be estimated later. On the
other hand, the interest rate target ic is not a free parameter, but is in-
stead set equal to r + πc.

2.3.1 How the Private Sector Calculates the Lagrange Multipli-
ers

To calculate the interest rate prescribed by the optimal policy problem
under commitment, households and firms need to know the values for the
multipliers λNKPC,t and λIS,t. The solution to the optimal policy problem
under commitment delivers a VAR representation for Xc

t :

Xc
t = AXc

t−1 +Bεt (14)

where εt is a vector of consisting of εzt and εgt . Given initial values for the
Lagrange multipliers and other state variables, the private sector uses
the observed shocks εt every period to update the Lagrange multipliers
and calculate the optimal interest rate under commitment.
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2.4 Optimal Policy Under Discretion

fd(Xd
t ) is derived as the solution to an optimal policy problem under dis-

cretion, i.e., it is part of a Markov Perfect equilibrium. Each period the
hypothetical central bank in this submodel takes as given future policy
and private-sector behavior when choosing the nominal interest rate to
minimize an expected discounted quadratic loss function. Hence, the so-
lution to this optimal policy problem describes the behavior of an oppor-
tunistic central bank that reoptimizes every period instead of honoring
past commitments. fd(Xd

t ) is the policy rule that arises in a situation
where the policy that the hypothetical central bank expects to be followed
in the future coincides with its own response to the state variables given
that policy. The state variables for this problem are given by

Xd
t =


πt−1

zt

gt

 (15)

Consequently this hypothetical central bank solves the Bellman equation
(16) subject to constraints (1)-(4).

V (Xd
t ) = min

it
(πt − πd)2 + λd(yt)

2 + λdi (it − id)2 + βEd
t V (Xd

t+1) (16)

As in the previous section, I assume that the expectations that are cal-
culated when solving this policy problem do not take into account the
private sector’s learning problem, again allowing me to use a standard
algorithm (linear quadratic value function iteration in this case) to solve
for the optimal policy. The solution algorithm is described in great detail
in Soderlind (1999) and Backus & Driffill (1986). Similarly to the com-
mitment case, the preference parameters πd, λd and λdi will be estimated,
while the interest rate target id is equal to r+πd. Given the fact that both
central banks do not have a non-zero target for the output gap the tradi-
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tional average inflation bias of Kydland & Prescott (1977) is not at work
here. However, a stabilization bias of discretionary policy is present: the
committed central bank can smooth the effect of shocks more efficiently
over multiple periods, as it can credibly commit to such a response. The
only endogenous state variable that allows for history dependence in the
case of discretion is the lagged inflation rate17.

3 Estimation

I estimate the parameters of the model (except for the discount factor,
which I calibrate) using a Bayesian approach. To do so, I need to com-
bine the likelihood of the data with a prior distribution of the model’s
parameters. Because the model is one of private-sector decision making,
it does not have anything to say about how actual monetary policy is set
and, instead, focuses on how the private sector thinks monetary policy
will evolve. Accordingly, the model implies a likelihood function for the
output gap and inflations that conditions on the observed path of nominal
interest rates:

p(yT , πT |Θ, I, iT ) (17)

Θ denotes the vector of parameters, xT the sample of size T for variable x
and I the vector of initial conditions needed to initiate the learning algo-
rithm (both initial values of observables as well as shocks and Lagrange
multipliers). Using Bayes’ law we can see how such a likelihood function
can be used to calculate the posterior distribution of the parameters of

17As the two hypothetical central banks are allowed to have different inflation tar-
gets, it would be hard to distinguish empirically the effect of different inflation targets
vs. an average inflation bias (i.e., the result of a non-zero target for the output gap).
Furthermore, it is convenient to be able to interpret directly the inflation targets as the
long-run average inflation levels within each of the submodels.
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interest:
p(Θ|yT , πT , I, iT )︸ ︷︷ ︸

posterior

∝ p(Θ|I, iT )︸ ︷︷ ︸
prior

p(yT , πT |Θ, I, iT )︸ ︷︷ ︸
likelihood

(18)

The prior in the previous equation is not standard in that it is conditional
on the path of nominal interest rates. Equation 18 shows that using such
a conditional prior is valid when combined with a likelihood function that
conditions on the same variables. I will discuss the approximation to
p(Θ|I, iT ) that I use below. The online appendix describes the results of a
different approximation to p(Θ|I, iT ). Conditioning the prior and the like-
lihood on the path of observed nominal interest rates allows me to avoid
one source of misspecification, the actual monetary policy rule. This does
not come for free: if that misspecification was not severe, then modeling
the actual policy rule could help inference. The online appendix shows
where these gains could come from, but also highlights that the gains
in efficiency are likely to be modest. The following sections describe the
different elements entering (18). I initialize the Lagrange multipliers for
the commitment problem on the forward-looking equations (1) and (2) at
0, implying that this hypothetical central bank does not have to honor any
prior commitments at the start of the sample. The prior model probabili-
ties pc and pd are each set to 0.5. Those initial values could be estimated,
but, to economize on the number of estimated parameters, I calibrate
them for now. I let the private sector use a sample of 10 years to form
their model probabilities using (10). Using 10 years for t∗ makes it easier
to compare my results with the previous literature on learning, which
has used learning algorithms that discount past data. However, using a
different sample length leads to results that are similar to those reported
below (see the online appendix for the case in which agents use the en-
tire sample to form beliefs). The data used in this paper is described
in the online appendix 18. The online appendix also discusses models in

18The estimation approach used here could be extended to include inflation expec-
tations as obervables. I choose not to do that and, instead, check in section 6 if the
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which private agents consider other combinations of policymakers: two
discretionary or committed policymakers with different preferences or a
committed and a discretionary policymaker who share the same prefer-
ences and have a non-zero output target so that an average inflation bias
is present. The appendix shows that the main model presented here fits
the data better than those alternatives and also that the higher infla-
tion target for the discretionary policy maker can indeed be interpreted
as a stand-in for an average inflation bias arising from non-zero output
target.

3.1 The Likelihood Function

The likelihood function can rewritten as follows:

p(yT , πT |Θ, I, iT ) = p(y1, π1|Θ, I, i1)
T∏
t=2

p(yt, πt|Θ, I, it, yt−1, πt−1) (19)

Each of the densities in (19) can be evaluated by using the distribu-
tional assumptions on εt, equations (1)-(4) and the learning algorithm
described earlier19. A more detailed description of the calculation of the
likelihood can be found in the online appendix.
This likelihood functionwill be used as an input for aMetropolis-Hastings
algorithm, which will generate draws from the posterior distribution of
the parameters. For a discussion of this algorithm see, for example, An
& Schorfheide (2007).
estimated inflation expectations from my model line up with observed survey expecta-
tions.

19Note that the timing assumption used for the formation of expectations is very use-
ful when writing down (19), as the expectations in (1) and (2) are functions of variables
in the conditioning set of each of the densities in (19) at each point in time.
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3.2 Priors

This section describes the priors that are used in combination with the
likelihood described above to calculate the posterior distribution of the
parameters. It is unfortunately not feasible to directly calculate the con-
ditional prior p(Θ|iT , I)20. Thus, I approximate the conditional prior p(Θ|iT , I)

by the product of two prior distributions: one that I will call ’standard’ in
that it resembles priors used in previous studies on New Keynesian mod-
els, and one that puts more prior probability on regions of the parameter
space where the learning models yield reasonable policy prescriptions21:

p(Θ|yT , πT , I, iT )︸ ︷︷ ︸
posterior

∝ p(Θ|I, iT )︸ ︷︷ ︸
prior

p(yT , πT |Θ, I, iT )︸ ︷︷ ︸
likelihood

(20)

∝ p1(Θ)︸ ︷︷ ︸
”standard” prior

p2(Θ|iT , I)︸ ︷︷ ︸
prior on reasonable submodels

p(yT , πT |Θ, I, iT )︸ ︷︷ ︸
likelihood

It turns out thatwhen only the prior p1(Θ) is used, the learningmodels
of the agents will not fit particularly well, as that lack of fit is not directly
punished by either the likelihood (which conditions on interest rates) or
the prior. As long as the expectations in (1) and (2) lead to relatively small
errors in these equations, the likelihood function will not be close to zero
even if the interest rate prescriptions are very different from the observed
interest rate. The fitted interest rates coming out of the two submodels
are still highly correlated with the actual interest rate, but their variance
is much higher, leading to highly improbable policy recommendations
from each model.

I find it highly implausible that the private sector would use models
20One could, in theory, approximate p(Θ|iT , I) using aMetropolis-Hastings algorithm.

This would increase the computational burden substantially, which is why I choose to
instead approximate this density. This paper is not the first one to approximate a prior
to facilitate inference. Another example (using a substantially different approximation)
is Del Negro & Schorfheide (2008).

21The product of these two distributions forms a valid kernel for a probability den-
sity function, which is all that is needed for inference using the Metropolis-Hastings
algorithm.
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that give unreasonable policy recommendations for over 40 years to learn
about monetary policy. Thus, I want to put more prior mass on regions
of the parameter space where the two submodels yield reasonable policy
prescriptions. A shortcut to doing so is described below.

3.2.1 "Standard" Priors

I use a set of independent probability distributions to characterize "stan-
dard" prior beliefs about the parameters of the model. Priors for those
parameters that are standard in New Keynesian models are in line with
those used by Lubik & Schorfheide (2004) and Bianchi (2009) and can be
found in table 1, along with the priors for the loss functions of the hypo-
thetical central banks. The discount factor β is calibrated and set equal
to 0.99.

The priors for the loss function parameters of the two hypothetical
central banks are set to capture the prior belief that the commitment
central bank has a lower inflation target and a lower weight on output
in the loss function. The variances on these priors are relatively large to
ensure that the data have the final word on the values of these parame-
ters22. To make the loss function parameters more easily interpretable,
the reported priors for the weights on the output gap are scaled by 16,
as it seems more natural to think about a loss function where output de-
viations are compared to deviations of annualized inflation and interest
rate from their respective targets, while the variables πt and it in the
model are defined as quarterly inflation and the quarterly nominal in-
terest rate. This kind of rescaling is standard in the analysis of optimal

22The goal of this paper is to endow agents with well-fittingmodels of monetary policy.
A priori, it seems reasonable to assume that one possible view of monetary policymak-
ing is a policymaker that cares more about inflation being low and stable than about
output. I associate this view with the commitment type since, as mentioned before, the
difference in inflation targets is motivated as a stand-in for an average inflation bias.
The means for the inflation targets are chosen so that the average of the two is roughly
the sample average of inflation. The associated standard deviation is chosen to be quite
large.
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policy in New Keynesian models23.

3.2.2 Prior on Reasonable Policy Models

To approximate the dependence of p(Θ|iT , I) on iT , I multiply the prior
described in the previous section with the following probability distribu-
tion24:

T∏
t=1

(0.5lct + 0.5ldt ) (21)

This is a weighted average of the likelihoods of the two policy models. It
is important to remember that those are the likelihoods that the private
sector uses to form model probabilities. Using this probability distribu-
tion as additional prior information ensures that regions of the param-
eter space that yield badly fitting policy models receive low prior proba-
bility.

An important issue with this construction of a prior is whether it too
profoundly influences model probabilities. By looking at (21) one might
have the impression that it will push the model probabilities towards .5,
as it penalizes the likelihoods of both submodels symmetrically. While
this is a priori a fair concern, it turns out that this concern is unwar-
ranted; we will see below that while both submodels fit reasonably well
there are still large swings in the estimated model probabilities.

One advantage of using (21) is that it penalizes a model with unrea-
sonable policy prescriptions, even in periods when that model has a low

23The output gap targets are chosen to be roughly in line with the literature - for
example, the associated weight on the output gap in Adolfson et al. (2010) is around 1.
I pick a prior mean for the commitment type slightly lower (0.8) and a higher one for
the discretionary type (2), but with a standard deviation of 0.5. The prior mean weight
on the interest rate term is set (admittedly in an arbitrary fashion) to 10 percent of the
weight on inflation. The prior standard deviation is 0.1. This term in the loss function is
introduced to minimize the violations of the zero lower bound, as described in Woodford
(2003). As such, a relatively small weight seems reasonable (even with such a small
prior weight, expected interest rates rarely fall below 0).

24Another interpretation of what I do here is that I take a penalized likelihood ap-
proach, with the penalty being data-dependent. For an introduction to penalized like-
lihood estimation see Green (1999).
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model probability attached to it, and thus strengthens the identification
of the loss function parameters. To see this, assume instead that I would
use the following construction to penalize unreasonable learning models:

T∏
t=1

(pct−1l
c
t + pdt−1l

d
t ) (22)

While this might seem more appealing on theoretical grounds (after all,
it is the perceived likelihood of the private sector), it only contains in-
formation about the loss function parameters of the hypothetical central
bank in one of the submodels when the probability of that model is sig-
nificantly different from 0. A prior of this sort would use a much smaller
effective sample to estimate the loss function parameters. I found this
not only to be a theoretical concern, but also to dramatically hinder the
numerical estimation.

A shortcoming of this approach is that the object in equation 21 also
depends on inflation and output gap data. A viable alternative is to
approximate p(Θ|iT , I) by putting a prior directly on the moments (say,
mean and variance) of the policy recommendations, where the moments
of the prior density are determined by the observed path of nominal in-
terest rates. This approach would not depend on the specific realizations
of inflation and the output gap. Unfortunately the theoretical moments
of the policy recommendations (which are needed to evaluate the prior)
are in general not available in closed form, necessitating simulations of
the model to evaluate the prior. This approach has been advocated by
Gallant & McCulloch (2009). The online appendix uses this approach to
check for the robustness of the estimation results described in the follow-
ing sections and finds broadly similar results.
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3.3 Estimation Results

Table 1 contains the parameter values at the posterior mode, while the
online appendix also displays the posterior mean and 95 % posterior den-
sity intervals.

In general, the mean and mode are very similar, with the only main
difference between them being the weight on the output gap in the com-
mitment loss function, which is almost five times larger at the posterior
mean. Nonetheless, at both the posterior mean and the posterior mode,
the same picture across the two sets of central bank preference param-
eters arises; the weight on the output gap, the weight on the interest
rate deviations from the target and the inflation target are substantially
larger for the hypothetical discretionary central bank.

TABLE 1 HERE

To interpret the weight on the interest rate deviation from target and
the inflation target, table 1 reports the estimated annualized inflation
targets in percent at the posterior mode and the rescaled weight on the
output gap, which Imultiply by 16 to have a weight on the output gap that
is comparable to weights on the inflation and interest targets, which are
reported in annualized (instead of quarterly) units.

The inflation target of the hypothetical commitment central bank is
in the range of 2 %, a commonly assumed target value for the Federal
Reserve today. The inflation target for the discretionary policymaker on
the other hand seems very high at 5.48 %. Remember, however, that for
reasons of identifiability I have abstracted from an average inflation bias,
which could explain why this estimate is so high.

The rescaled values for the weights on the output gap show a big dif-
ference in the weight being placed on the output gap, with the discre-
tionary policymaker caring over seven times more about the output gap
than the hypothetical commitment central bank. Both values, though,
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are smaller than one, indicating that both hypothetical central banks
care more about inflation than about the output gap.

Turning to the 95 % posterior density intervals, it is evident that all
parameters are estimated tightly. This is due, at least in part, to the use
of the second set of priors. Using these priors leads to a more peaked
posterior, as regions of the parameter space where one of the two sub-
models does not fit well are given low posterior probability, even if the
other model fits well and has much higher model probability attached to
it in that region of the parameter space.

The estimates for the AR coefficients ρg and ρz are quite a bit lower
than what is usually found in the literature (see, for example, Lubik &
Schorfheide (2004)). It seems that the learning algorithm presented in
this paper creates enough endogenous persistence to allow these param-
eters to be substantially lower than their prior mean (which is centered
around usual estimates in the literature).

The estimate of the correlation between the innovations in (3) and (4),
ρgz, is relatively high. Again, this is not surprising, as many non-linear
models imply that the error terms in the linearized Euler equation (2)
and NewKeynesian Phillips curve 1 are correlated because an exogenous
error term enters both of these equations. If shocks are redefined, as they
are here, allowing for contemporaneous correlation seems important to
do the underlying non-linear model justice.

Besides needing less exogenous persistence than other models in the
literature, the estimate of κ is higher than what is found in most other
studies (a notable exception being Lubik & Schorfheide (2004) 25). This
high value implies a much higher probability of a firm being able to ad-
just its price each period in a Calvo framework. Note that the slope of

25Like this paper Lubik & Schorfheide (2004) uses Hodrick-Prescott detrended out-
put as an observable (even though the exact detrending method differs, see the online
appendix, while a lot of other studies use output growth and make actual output an
unobservable state variable in a state-space representation of the linear(ized) model.
This is a possible explanation for the similarity of some of the parameter estimates.
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the Phillips curve is κ/(1 + β), not κ itself, so if one compares the slope
estimates of New Keynesian Phillips curves across studies, the estimate
found here, while being on the high end, is not unheard of.

4 Evolution of Beliefs

This section analyzes the private sector’s beliefs by focusing mainly on
the posterior mode estimates. Since the parameters are all tightly esti-
mated, the error bands around most of the statistics of interest are nar-
row.
Figure 2 plots the sequence of estimated posterior model probabilities
of the commitment model. The private sector quickly learned in the
1960s that the Federal Reserve was a discretionary policymaker. It took
the Volcker disinflation at the beginning of the 1980s to slowly induce
a change in these beliefs. While the policy actions in 1980 caused the
posterior probability of the commitment model to increase substantially,
the following 15 years are associated with large swings in the estimated
model probabilities. There is an upward trend in pct during that period,
but fluctuations around that trend are volatile. Also, it is worth noting
that towards the end of the sample pct decreases again.

FIGURE 2 HERE

In general, these model probabilities are estimated precisely, which
is why I focus on posterior mode estimates26.

26The online appendix of this paper shows the mean model probabilities and 90 %
probability bands for the estimated model probabilities. The mean probabilities are
very similar to the model probabilities at the posterior mode estimates. Interestingly,
there turns out to be substantial model uncertainty during the last year of the sample,
making it hard to distinguish between the two submodels on the ground of the data
used here for that period. For the other calculations in this paper (and the probability
calculations for all other parts of the sample), posterior quantile bands do not convey
substantial additional information beyond calculations carried out using the posterior
mode estimates.
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The initial lack of credibility of the Volcker Federal Reserve has also
been documented prominently by Goodfriend & King (2005). The ap-
proach there is different in that it is more narrative (even though an
equilibrium model is used to illustrate the points made in that paper),
and, in addition, uses long-term interest rates as a measure of inflation
expectations, which the authors in turn interpret as a measure of credi-
bility attributed to the Federal Reserve by the bond market. While it is
beyond the scope of this paper, it would be very interesting to incorporate
term structure information into the private sector’s learning algorithm.

Comparing the results on this paper with those in Bianchi (2013) is
not straightforward since the models that govern (in mymodel perceived)
monetary policy are different across the two papers. Nonetheless, if the
reader is willing to roughly equate Bianchi’s "Hawk" regime with the
committed policymaker in this paper, we see that the estimated model
probability in this paper and the smoothed (i.e. based on the full sample)
model probability in Bianchi’s paper share a similar pattern once Volcker
comes into office.

5 Interest Rate Prescriptions and Percep-

tions

This section analyzes the prescribed interest rates for the commitment
and discretion submodels and the path for expected interest rates that
those prescriptions and the calculated model probabilities imply.

At the end of each period, after inflation and the output gap for that
period are realized, agents in this economy know the state variables for
both submodels, Xc

t and Xd
t and they can determine the model probabil-

ities taking into account that period’s realization of exogenous shocks zt
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and gt. Firms and households can then calculate what they think interest
rates should have been that period given the data27:

pcti
c
t + pdt i

d
t (23)

Panel 1 of figure 3 plots the historical path of the interest rate and the
perceived path calculated using (23). While the perceived interest rate is
more volatile than the actual Federal Funds rate, it does track medium-
and low-frequencymovements of the actual policy instrument reasonably
well. Because the zero lower bound on nominal interest rates is not mod-
eled here, perceived interest rates can go below zero and actually do so
for a small number of periods. Taking into account the zero lower bound
would require using techniques that would make the estimation of this
model infeasible28.

6 Private Sector Expectations

Because one-step-ahead forecasts of inflation and the output gap are im-
portant factors in determining date t values for those variables, as is ev-
ident from the New Keynesian Phillips curve (1) and the representative
household’s consumption Euler equation (2), it is important to ask what
kind of expectations agents hold when they use the learning algorithm
described in this paper. Figure 3 plots Etπt+1 and Etyt+1 versus the actual
outcomes those expectations try to predict.

FIGURE 3 HERE
27I use the private sector’s information set at the end of each period so that I do not

have to take a stand on how the agents forecast the Lagrange multipliers that are state
variables for the commitment problem.

28For a treatment of optimal policy under discretion and commitment that explicitly
takes into account the zero lower bound on nominal interest rates see Adam & Billi
(2006), Adam & Billi (2007) and Eggertsson & Woodford (2003).
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The private sector’s expectations track the actual inflation rate very
well and do reasonably well for the output gap. The learning algorithm
presented in this paper thus endows the private sector with very reason-
able expectations of future economic outcomes.

A related question is how well the expectations calculated using the
learning algorithm presented here track survey measures of inflation ex-
pectations. Figure 4 contrasts the median one-year-ahead inflation ex-
pectation of the University of Michigan’s Survey of Consumers 29 with
one-year-ahead inflation expectations coming from the model. Note that
the model consistent inflation expectations plotted in figure 4 are not di-
rectly comparable to thosemodel consistent expectations plotted in figure
3 because the former are one-year-ahead expectations, while the latter
are one-quarter-ahead expectations. Also, the dates on the x-axis in fig-
ure 4 refer to the dates at which expectations are formed, in contrast to
the dates on the x-axis of the relevant panel of figure 3, which refers to
the date inflation is actually realized.

FIGURE 4 HERE

The model consistent expectations track the lower frequency move-
ments of survey expectations well. The decrease in expected inflation
at the beginning of the 1980s is evident in both series. Because there
are a number of issues commonly raised when it comes to survey mea-
sures of inflation, I will not compare the two series in greater detail. It is,
however, worth remembering that the learning algorithm presented here
endows the agents with expectations broadly similar to those measured
in surveys.

29Inflation expectations are surveyed every month. I use a three month average to
make the survey comparable to the output of the model, which uses quarterly variables.
The source for the survey data is the FRED database of the Federal Reserve Bank of
St. Louis. This series is only available from the second half of the 1970s.
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7 The Perceived Inflation Target and Esti-

mated Shocks

As the private sector updates model probabilities, it also changes its per-
ceptions of the long-run level of inflation. The model presented here can
thus be reinterpreted as a theory of perceived changes in the inflation
target. It is important to emphasize that this model of private-sector
behavior has nothing to say about whether or not the actual inflation
target of the central bank (which is not modeled here) changed. Instead,
by focusing on the private sector’s perceptions, this model complements
studies such as Erceg & Levin (2003), Ireland (2005) and Liu, Waggoner
& Zha (2007) that explicitly model changes in the inflation target of the
central bank in their models. It is important to emphasize that a setup
in which the two hypothetical policymakers share the same preferences,
there can still be movements in the perceived steady state level of infla-
tion because of an average inflation bias under discretion. Amodel of this
kind is estimated in the online appendix and does indeed find an average
inflation bias that leads the perceived steady state of inflation to have
a similar shape as in the case discussed here (it does fit the data worse
than the benchmark specification, though). As mentioned before, I ab-
stract from an average inflation bias in the main model for identification
purposes, but we can interpret differences in estimated inflation targets
as a stand-in for the average inflation bias under discretion as long as the
discretionary central bank has a higher inflation target (which it does
here).

Figure 3 plots the perceived steady state value of inflation. The per-
ceived steady state moves to the inflation target of the discretionary cen-
tral bank at the beginning of the sample, even though inflation is still
relatively low. The reason for this is that the private sector learns from
interest rates and not from inflation directly and as a consequence pct can
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move to 0, even though inflation is still far away from the inflation tar-
get of the discretionary central bank. looking at figure 3, it is evident
that a substantial part of the low-frequency movement of inflation expec-
tations is governed by changes in the perceived steady state of inflation,
but that there are considerablemedium- and high-frequency dynamics in
inflation expectations beyond those dynamics in perceived steady states.
Changes in these medium- and high-frequency dynamics are a result of
substantially different dynamics and volatilities of endogenous variables
under the two policy rules considered by private agents. The fact that the
volatilities of endogenous variables are different across the two submod-
els means that the model of private sector behavior displays stochastic
volatility as the agents are learning even though the volatilities of exoge-
nous disturbances remains constant. The link between learning models
and stochastic volatility has been emphasized by Cogley et al. (2011).
These results can also be viewed through the lens of the "good luck"
vs. "good policy" debate as sources of the great moderation. VAR-based
studies such as Primiceri (2005) and Sims & Zha (2006) tend to favor
the "good luck" hypothesis, whereas investigations based on DSGE mod-
els favor the "good policy" (see for example Lubik & Schorfheide (2004)).
Agents here only entertain the possibility of changes on policy, but since
the different models of policy will lead to different volatilities of endoge-
nous variables, a VAR-based estimation will likely attribute some of the
changes in the volatilities of endogenous variables to changes in exoge-
nous variables. A similar point has been made in the context on full in-
formation rational expectations models by Benati & Surico (2009), who
consider a one time switch from one rational expectations equilibrium to
another.

That it is in fact changes in beliefs that govern the dynamics of the
model, and not unusually large shocks, can be seen by inspecting the bot-
tom two panels of figure 3, which plot the estimated series of exogenous
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disturbances at the posterior mode estimates.

8 Gains from Transparency

To address the issue of gains from transparency, I will calculate several
counterfactual scenarios. In what follows, I will mainly focus on the gains
from transparency of a commitment central bank (with the estimated
preferences) since those gains translate into substantially lower infla-
tion.30.
At this point it is important to remember that even though I call one
hypothetical central bank ’committed’ and the other ’discretionary’, the
policy protocol is not the only difference between these two hypotheti-
cal policymakers - they also differ because they have different preference
parameters31. The counterfactual scenarios differ from the actually esti-
mated model along two dimensions: the interest rate set in the economy
and the beliefs of the private sector32. The first counterfactual asks what
inflation and the output gap would have been if the Federal Reserve had
actually set the interest at its historical levels, but the private sector be-
lieved that the Federal Reserve was acting under commitment (pct = 1 ∀t).
As we will see below, this change in beliefs will have substantial effects
on inflation and the output gap. It is thus reasonable to question the

30The results also suggest that there are cases (i.e. parameter values) for which the
discretionary central bank could improve economic outcomes by convincing the public
that it is a central bank acting under commitment. This type of scenario is analyzed by,
among others, Barro (1986), King, Lu & Pastén (2008), Levine, McAdam & Pearlman
(2008) and Sleet & Yeltekin (2007). A closely related question is that of optimal policy
when the central bank has an informational advantage over the private sector. For a
recent treatment of this question, see Mertens (2008), who solves for theMarkov perfect
equilibrium of an economy similar to the one presented in this paper when the private
sector does not directly observe the central bank’s time varying output gap target.

31The online appendix also contains one robustness check where the only difference
between policymakers is the policy protocol. That specification fits the data substan-
tially worse than the benchmark case.

32Counterfactuals are calculated using a subsample of 50000 draws from the original
Metropolis-Hastings sample. The reported results are averages across draws. Because
most parameters are tightly estimated, these averages adequately characterize the pos-
terior distribution of outcomes under the counterfactual scenarios.
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assumption that the Federal Reserve would have set the Federal Funds
rate to the historically observed levels. To remedy this shortcoming and
to analyze a situation where beliefs about policy are correct, I turn to the
second counterfactual. This counterfactual asks what output and infla-
tion would have been if the Federal Reserve had not only convinced the
public that it was a central bank acting under commitment, but had also
actually followed that policy (it = ict)33. I then ask how outcomes differ if
certainty about the Federal Reserve’s conduct of monetary policy is re-
moved from the private sector. The third counterfactual sets pct = 0.5 ∀t

while retaining the assumption that interest rates are actually set ac-
cording to the commitment policy rule. The fourth counterfactual endows
the private sector with the belief that Federal Reserve is acting under dis-
cretion and assumes that this belief is indeed correct (so that it = idt ). The
fifth and final counterfactual examines a situation in which the central
bank is acting under discretion, but the private attaches a probability of
.5 to each model of monetary policymaking, similarly to counterfactual 3.
Comparing outcomes under the second and third counterfactuals gives
an estimate of the effects of transparency on inflation and the output
gap for a committed central bank. Table 2 shows the mean and variance
of inflation and the output gap multiplied by 100 for the data and the
five counterfactuals as well as the relative gains from transparency and
counterfactual sacrifice ratios discussed below.

TABLE 2 HERE

A few patterns emerge when comparing these outcomes across coun-
terfactuals:
Comparing the data to counterfactuals 1 and 2, we see that endowing the
private sector with the belief that the Federal Reserve is a central bank

33In all counterfactuals, I set the policy shocks ν to zero.
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acting under commitment (pct = 1) leads to inflation that is both lower on
average and less volatile than what we have observed in the data.
This belief alone can lead to a substantially lower and more volatile out-
put gap compared to the data, if the policy the Federal Reserve actually
follows does not agree with the beliefs of the private sector. This can be
seen by comparing the data to counterfactual 1.
Comparing counterfactuals 1 and 2, we see that if the Federal Reserve
had actually followed the commitment policy and convinced the public
of that, it could have achieved both low and stable inflation without a
deterioration in the output gap, both in average terms and in terms of
volatility.
Removing the private sector’s uncertainty is crucial in achieving lower
and less volatile inflation even when the Federal Reserve follows the com-
mitment policy rule, as can be seen by comparing counterfactuals 2 and
3.
A discretionary Federal Reserve, in combination with correct beliefs of
the private sector about monetary policy, would have led to very high
and volatile inflation. In particular, the average inflation level would
have been substantially higher after 1980.
A comparison of counterfactuals 2 and 3 highlights the gains from trans-

parency for a committed central bank, while looking at counterfactual 1
shows that convincing the public of the central bank’s policy rule even
without necessarily following through would have lead to lower and less
volatile inflation, albeit at a cost in terms of output. Figure 5 plots the
counterfactual inflation series 34.
Contrasting the last two counterfactuals shows how a discretionary cen-
tral bank would have influenced economic outcomes if the private sector
remained uncertain about the true nature of the policymaker throughout

34I focus on counterfactual inflation since the output gap is not very different across
counterfactuals. The counterfactual inflation series for the final counterfactual is very
similar to the series for the third counterfactual, so I omit it here.

33



the sample. We see that the once the private sector attaches substantial
probability throughout the sample that it faces the committed central
bank, average inflation is quite low and less volatile than it would be if
the private sector was aware of the nature of monetary policymaking in
this scenario. This again emphasizes the crucial role of beliefs about pol-
icymakers rather than the actual policy rule being used.
Table 2 also shows the relative loss for a discretionary and a committed
central bank (relative to the loss associated with the actually observed
outcomes). We see that the discretionary central bank would have gained
less than the committed central bank by setting the interest rate in an
environment in which the public is perfectly informed about the policy-
maker.

The counterfactual calculations so far use the entire sample. Next, I
turn to an analysis of the run-up in US inflation and the eventual disin-
flation, the period from 1970 to 1984. Looking at figure 5, we see that the
first three counterfactuals lead to substantially lower inflation in that pe-
riod. Following Bianchi (2009), I calculate counterfactual sacrifice ratios,
which are defined as follows:

1984:Q1∑
t=1970:Q1

(yt − yCFt )/

1984:Q1∑
t=1970:Q1

(πt − πCFt ) (24)

where variables with a CF superscript denote counterfactual outcomes.
These counterfactual sacrifice ratios can be interpreted as the cost of low-
ering inflation in terms of the output gap. Table 2 also shows the coun-
terfactual sacrifice ratios for the first three counterfactuals 35.

While the sacrifice ratio is highest in the first counterfactual, owing
to the large deterioration in output gaps, there is also a substantial dif-

35As there is no disinflation in the fourth counterfactual, the counterfactual sacrifice
ratio would have been harder to interpret for that counterfactual.
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ference between the second and the third counterfactual. This highlights
again the gains from transparency.

9 Conclusion

This paper presents a theory of private-sector decision making with a
particular focus on belief formation about monetary policy36. The the-
ory confirms anecdotal evidence that the Federal Reserve was seen as a
policymaker acting under discretion with a high inflation target in the
1970s and that it took the drastic policy measures of the Volcker Federal
Reserve to change those beliefs. However, the policy actions of the 1980s
did not leave firms and households certain that the Federal Reserve acted
under commitment to reduce average inflation.

The gains from transparency for a central bank acting under commit-
ment with the estimated preferences would have been large for the sam-
ple considered here. Such a transparent central bank could have avoided
the large increase in inflation in the 1970s.

The estimation algorithm used here highlights the fact that the es-
timation of learning models is possible without taking a stand on the
true data-generating process of the aspects of the economy about which
economic agents are uncertain.

36The learning algorithm presented here endows the private sector with a large
amount of information and only leaves firms and households uncertain about a par-
ticular feature of the economy. In contrast, a considerable amount of previous work on
learning in macroeconomics, such as Milani (2007), endows the private sector with con-
siderably less information. Another approach that endows economic agents with more
information about the structure of the economy is presented in Preston (2005).
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A Tables for Main Body of the Paper

Table 1: Description of "standard" priors and the posterior mode. For
parameters with restricted range (relative to how the usual range for the
relevant distribution) the moments refer to the prior distributionwithout
the restriction.
Variable Prior Distribution Range Prior Mean Prior St. Dev. Posterior Mode

κ Gamma [0,∞] 0.3 0.1 0.70
σ Gamma [0,∞] 2 0.2 1.61
ρg Inverse Gamma [0,∞] 0.8 0.1 0.40
ρz Inverse Gamma [0,∞] 0.8 0.1 0.57
σν Inverse Gamma [0,∞] 0.01 0.005 0.006
σz Inverse Gamma [0,∞] 0.01 0.005 0.008
σg Inverse Gamma [0,∞] 0.004 0.003 0.016
ρgz Normal [-1,1] 0 0.3 0.61

400 ∗ πc Normal [-∞,∞] 2 1 1.76
400 ∗ πd Normal [-∞,∞] 6 1 5.48

16 ∗ λc Normal [0,∞] 0.8 0.5 0.07
16 ∗ λd Normal [0,∞] 2 0.5 0.49

λci Normal [0,∞] 0.1 0.1 0.11
λdi Normal [0,∞] 0.1 0.1 0.31
r Normal [-∞,∞] 0.005 0.0025 0.0076

Table 2: Counterfactual outcomes. First row gives the imposed policy
rule and beliefs for each counterfactual.

data (actual it, pct = 1) ( ict , pct = 1) (ict , pct = 0.5) ( idt , pdt = 1) ( idt , pdt = .5)

mean, inflation 3.72 1.13 1.91 3.40 5.17 2.97
variance, inflation 6.45 1.57 1.38 2.28 5.14 2.42

mean, 100*output gap 0.01 -0.27 0.02 0.05 0.06 0.01
variance, 100*output gap 2.64 2.86 2.40 2.35 2.34 2.62

relative loss for committed CB 1 - 0.30 - - -
relative loss for discretionary CB 1 - - - 0.95 -

counterfactual sacrifice ratio - 0.42 0.17 0.27 - 0.27
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B Figures for Main Body of the Paper
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Figure 1: Data used in this paper
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Figure 2: pct at the posterior mode estimates
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Figure 3: Expectations, perceptions and estimated shocks. All based
on the posterior mode. Expectations/perceptions are in green, out-
comes/data in blue
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Figure 4: Private sector expectations from the model and a survey mea-
sure of inflation expectations
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Figure 5: Counterfactual inflation series
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