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Introduction: Models and Central Banks

Motivation

ñ Christopher A. Sims:

“few economists paid attention to the modeling tasks faced
by the staffs of monetary policy institutions.” (p. 13)

“Statistical Modeling of Monetary Policy and Its Effects,”
Nobel Prize Lecture (Stockholm, Sweden, 8 December 2011)
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Introduction: Models and Central Banks

Economists, Models and Policy Analysis

ñ Economists use models to organize the information generated by the world.

1. Maintained Assumption: The Folk Theorem is “All models are false.”
2. Corollary: Complexity does not inoculate a model from being false.
3. Implication: More complex models yield additional moments or

predictions, which gives more margins on which to falsify models.

ñ This lecture is about how falsifiable models can be useful to economists
advising policy makers.
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Introduction: Models and Central Banks

Overview of this Lecture

ñ Begin by reviewing several ways to evaluate alternative policies conditional
on “the models on the table” =⇒ motivate a diverse set of models.

ñ Next, discuss times series models with time-varying parameters (TVPs)
=⇒ motivate analyzing alternative policies with the potential to alter
the expectations of private agents.

ñ Third, survey the class of DSGE models used by several central banks
that place restrictions on data useful for evaluating alternative policies
=⇒ motivate benefits and costs of including shocks and frictions that
create nontrivial nonlinearities in model dynamics.
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Policy Analysis and Central Banks

Macroeconomists and Policy Analysis

ñ Goal of an Economic Advisor: Give useful recommendations to the policy
maker that can be easily communicated to the public.

ñ Policy Problem: Decision making is grounded in analysis of the alternatives.

1. Maintained Assumption: Entropy is a theorem, but nihilism is not.
2. Implication: If everything matters or confounds model building and

policy analysis, the evaluation of models and policies is not possible.

ñ Policy Problem: How to conduct policy analysis with internally coherent,
but falsifiable models?

1. Put aside issues of coherency and falseness of models to study
problem of evaluating alternative policies, given several models.

2. Within the context of state of the art structural VARs, study the
constraints the Lucas critique imposes on policy analysis.

3. Inspect the current state of central bank DSGE models with the
aim of studying the benefits of adding elements to address
a wider array of policy questions versus the loss of parsimony.
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Policy Analysis and Central Banks

Models, Preferences, and Policy Evaluation

ñ Part Two of the Folk Theorem: “It takes a model to beat a model”
=⇒ bring several models to the table to evaluate alternative policies.

ñ Policy evaluation needs alternative policies,Ai, i = 1, . . . , a, models,Mj ,
j = 1, . . . , m, and the policy maker’s loss function, L

(
Yt ; Λ), where Yt andΛ are random variables used to measure loss and loss function coefficients.

1. Staff economists predict future realizations of Yt , given available data
Zt , using all m models in the model space, j ∈ M, where Yt ∈ Zt .

2. The policy maker asks the staff for its evaluation of whichAi is “best”
among the alternatives i ∈ A using L

(
Yt ; Λ) to rank the policies.

ñ Since Yt is stochastic, its probability density function is ℘
(
Yt
∣∣Ai, Zt ,Mj

)
=⇒ the state of the economy is conditional on a policy, a model, and data.

ñ The staff has to compute Mini∈A E
{
L
(
Yt ; Λ)∣∣Ai, Zt ,M

}
to evaluate

1. the alternative policies inA on the entire model spaceM.
2. Only the models “on the table” or in the model spaceM

matter for minimizing the expected loss of the decision.
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Policy Analysis and Central Banks

Tools to Evaluate Policy Given Some Models

ñ Evaluation Methods: Expected loss across can be computed using Bayesian
decision theory, minimax (or robust control), or minimax regret to compare
outcomes across the a alternative policies inA on the m elements ofM.

1. Bayesian Decision Theory: Models represent joint probability
distributions of the relevant data =⇒ decisions are grounded on
model likelihoods and policy makers’ beliefs about these models.

2. Robust Control: Models are misspecified =⇒ extend the privilege
of knowing all models are false to agents in the model and policy
makers.

3. Minimax Regret: Benchmark is the loss generated by a model at its
optimal policy =⇒ normalize on the best a model can do because the
true model is unknown.

ñ See Brock, Durlauf, Nason, and Rondina (2007, “Simple versus Optimal Rules
as Guides to Policy,” Journal of Monetary Economics, Carnegie-Rochester
Conference Series on Public Policy: Issues in Current Monetary Policy Analysis
54, 1372–1396).
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Policy Analysis and Central Banks

Bayesian Decision Making at Central Banks

ñ The staff has to calculate the posteriors, H
(
Mj

∣∣Z1:T

)
, for all j ∈ M.

1. H
(
Mj

∣∣Z1:T

)
∝ L

(
Z1:T

∣∣Mj

)
H(Mj

)
, where L

(
Z1:T

∣∣Mj

)
is the

likelihood ofMj and H
(
Mj

)
is the prior onMj .

2. A Bayesian evaluation of the a alternative policies solves

Mini∈A
∑
j∈M E

{
L
(
Yt ; Λ)∣∣Ai, Zt ,Mj

}
H
(
Mj

∣∣Z1:T

)
.

ñ Bayesian policy evaluation at central banks is challenged by, “Whose H
(
Mj

)
?”

1. Since the staff is not the policy maker, are only the latter’s priors over
the j ∈ M relevant for solving the Bayesian decision problem?

2. =⇒ Ask policy makers for their priors over the m models inM?
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Policy Analysis and Central Banks

Robust Control: Wald (1950)

ñ Uncertainty inherent in H
(
Mj

∣∣Z1:T

)
is not necessarily the uncertainty

or risk that concern monetary policy makers.

1. Ellsberg Paradox: Choose a gamble drawn from a known probability
distribution over lotteries with greater but uncertain payoffs.

2. Ambiguity Aversion: A preference ordering over risk with known
and unknown probabilities, conditional on risk aversion.

3. Cannot unwind ensemble of risky payoffs into underlying gambles
=⇒ violates the reduction of compound lotteries axiom.

ñ The policy maker wants to robustify decisions with respect to the worst
state of the world =⇒ do not necessarily know the probability distribution
from which the state of the world is drawn.

ñ Interpret lack of knowledge as model misspecification =⇒ a problem agents
in the model and anyone working with the model have to confront; see
Hansen and Sargent (2008, Robustness, Princeton University Press,
Princeton, NJ).
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Policy Analysis and Central Banks

The Robust Control Problem

ñ Solve Mini∈AMaxj∈M E
{
L
(
Yt ; Λ)∣∣Ai, Zt ,Mj

}
by picking i ∈ A to minimize

the maximum expected loss of j ∈ M =⇒ “insure” against the worst state of
the world with a policy that is “not too bad” across all models.

ñ Applying minimax to evaluate monetary policy at central banks is challenging.

1. Model payoffs are drawn from probability distributions parameterized
by policy maker’s beliefs about model losses under various rules.

2. Elicit the policy maker(s) beliefs about the elements ofM =⇒ the worst
shock(s) affecting the economy is (are)?
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Policy Analysis and Central Banks

Minimax Regret: Savage (1951)

ñ Bayesian decision making and robust control rely on beliefs about the j ∈ M.

1. Does the staff need to elicit priors from the policy maker(s) during

model development? Remember H
(
Mj

∣∣Z1:T

)
contains beliefs over

many, if not all, of the parameters ofMj .

2. Under the worst case, policy choices are cautious =⇒ the worst state
of the economy dominates monetary policy making.

ñ Instead of insuring against the worst state of the world, minimax regret aims
to minimize the maximum expected loss of i ∈ A for j ∈ M net of expected

loss under j’s optimal policy =⇒ Mini∈AMaxj∈MR
(
Ai, Zt ,Mj

)
, where

R
(
Ai, Zt ,Mj

)
= E

{
L
(
Yt ; Λ)∣∣Ai, Zt ,Mj

}
−Mini∈A E

{
L
(
Yt ; Λ)∣∣Ai, Zt ,Mj

}
.

ñ Minimax regret robustifies against using policy from the model generating
the largest loss =⇒ insure against loss of policy i in model j, where i ≠ j.
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Policy Analysis and Central Banks

Minimax Regret and Optimal Policy

ñ Minimax regret relies on optimal policy for conducting policy evaluation.

ñ When faced with model uncertainty, minimax regret offers the policy maker
a method of policy evaluation

1. that normalizes loss of policy i in model j, which is suboptimal policy
for i ≠ j, on that model’s loss under its optimal policy.

2. =⇒ No need for priors or beliefs over model payoffs.

ñ There are challenges to evaluating monetary policy using minimax regret.

1. Have to measure optimal policy to compute minimax of R
(
Ai, Zt ,Mj

)
.

2. =⇒ Computing optimal policy for all j ∈ M may be impossible.

3. There are models useful for policy evaluation that only make trivial
predictions about optimal policy.
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Policy Analysis and Central Banks

Summary of Policy Evaluation Methods

ñ Bayesian, robust control, and minimax regret decision making were reviewed
in as if monetary policy evaluation is conducted in an ideal environment.

ñ The environment is ideal because the maintained assumptions are policy
makers announce their

1. priors about the models used for policy evaluation,
2. beliefs about the worst states of the world, and
3. an optimal policy is available for every model.

ñ Asking policy makers for their model priors and/or beliefs may not
be expected to yield credible responses and some models that inform
policy are silent about optimal policy.

ñ However, model development at central banks should be framed,
in part, by the way in which policy makers engage with models.

ñ In the future, which models could be useful to central bank economists
in the policy evaluation process?
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A Future for VARs in Monetary Policy Analysis

Time Series Models and Policy Evaluation

ñ A fact about monetary policy is that it changes over times.

1. Policy changes in response to external events: the Great Depression,
first oil price shock (1973–1975), Great Moderation, Japan post-1989,
Asian financial crisis of 1997–1998, and financial crisis of 2007–2009.

2. Appointment of new policy maker can also cause policy to shift.

ñ How are economists to identify and measure the impact these events have
on monetary policy?

ñ The Lucas critique gives some guidance because

1. it teaches that shifts in policy generate changes in decision rules
of private agents.

2. An implication is shifts in policy should be treated as outcomes of
random variables =⇒ can generate nonstationary or nonlinear data.

3. Estimators robust to this data generating processes (DGP) =⇒ data
covers episodes in which there are shifts in policy that make the
Lucas critique relevant.
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A Future for VARs in Monetary Policy Analysis

The Lucas Critique

ñ Analyzing changes in monetary policy as once and for all is a long standing
tradition among macroeconomists and central bankers.

ñ This is the approach of taken by Lucas (1976, “Econometric policy evaluation:
a critique,” in Brunner, K. and A.H. Meltzer (eds.), Carnegie-Rochester
Conference Series on Public Policy 1, 104–130).

ñ This is a mistake, according to Sims (2011, “Statistical Modeling of Monetary
Policy and Its Effects,” Nobel Prize Lecture, Stockholm, Sweden).

1. Instead, “policy changes should be thought of as realizations of random
variables, with those random variables modeled as part of the model’s structure.”

2. Also see Sims (1987, “A rational expectations framework for short-run policy
analysis,” in Barnett, W.A., and K.J. Singleton (eds.), New Approaches to
Monetary Economics, Cambridge University Press, Cambridge, UK,
pp. 293–308) and Sargent (1999, The Conquest of American Inflation,
Princeton University Press, Princeton, NJ).
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A Future for VARs in Monetary Policy Analysis

An Example: A Taylor Rule with Many TVPs

ñ Suppose the intermediate target, Rt , evolves as the Taylor rule

(
1− ρtL

)
Rt = κπ,t

(
πt −π t

)
+ κy,t

(
yt −yt

)
+ σt,εεt , εt ∼ N

(
0, 1

)
,

which is part of a larger macro model, where Rt , πt , π t , yt , and yt are the
policy rate, inflation, target inflation, output, and trend output.

ñ Besides π t and yt , the Taylor rule produces fluctuations in Rt because

1. the time-varying parameters (TVP) are stochastic processes that drive
2. smoothness

(
ρt
)
, volatility

(
σt,ε

)
, responses to the final targets(

κπ,t , κy,t
)
, and the policy objective

(
π t
)
.
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A Future for VARs in Monetary Policy Analysis

Nonlinear Monetary Policy Rules

ñ Acknowledging the process of changing policy regimes is stochastic and
not known with certainty introduces nonlinear dynamics into the economy.

ñ Leeper and Zha (JME, 2003) build on these insights.

1. Suppose monetary policy regimes are governed by a Markov chain process
=⇒ the Taylor rule TVPs, ρt , σt,ε , κπ,t , κy,t , and π t , switch values,
according to the first-order Markov process[

q11 1− q11
1− q22 q22

]
.

2. The true data generating process (DGP) of the economy is nonlinear, but within
a policy regime the dynamics of the economy are approximately linear.

3. With data only from one monetary policy regime, an econometrician would
interpret the data as characterizing the central bank as having a linear policy
reaction function or rule.

4. This class of DGPs is studied by Davig and Leeper (AER, 2007) in an otherwise
linear small scale new Keynesian (NK) model.
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A Future for VARs in Monetary Policy Analysis

Policy Analysis and Expectations

ñ Suppose a policy maker asks an economist for advice about monetary policy
in this economy.

1. Only linear econometric tools are available to the economist.
2. The economist only studies exogenous within regime monetary policy shocks.
3. Conditioning on a specific monetary policy regime, the economist evaluates

potential policy experiments/interventions =⇒ changes in policy are linear.

ñ Leeper and Zha decompose the effects of a policy experiment under the
current regime into two components.

1. Direct effects are measured by tools that are standard for SVAR policy analysis.
2. However, the Lucas critique teaches that private agents update their expectations

in response to monetary policy interventions =⇒ expectations formation effect.
3. The expectations formation effect is a probability statement about the extent

to which private agents revise their beliefs about the stability of the current
regime in response to a monetary policy intervention.
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A Future for VARs in Monetary Policy Analysis

Define Modest and Immodest Policy

ñ Private agents do not engage in a substantial update of their expectations
about a regime switch

1. when a monetary policy experiment is consistent with the expectations private
agents hold about the current regime =⇒ a modest policy change.

2. An immodest policy occurs if private agents revise their beliefs a central bank
has moved to a different policy regime that operates an alternative operating
mechanism and policy rule.

ñ Leeper and Zha define modest and immodest monetary policy experiments
on IRFs w/r/t monetary policy shocks.

ñ Consider the structural VAR Yt =
∑p
j=1 BjYt−j + Dηt , ηt ∼ N

(
0n×1, In×n

)
,

that is invertible
[
I− B

(
L
)]−1 =

∑∞
j=0 Ci, where C0 = D and, for example

Yt =
[
yt πt Rt

]′
.
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A Future for VARs in Monetary Policy Analysis

Measuring Modest and Immodest Policy
ñ The policy intervention measure or “modesty statistic” is

ιMP =
∑MP
`=0 C`

(
R, ·

)
DRηR,T+1+MP−`√∑MP

`=0

[
C`
(
R, ·

)
DR
]2 ,

where C`
(
R, ·

)
and DR denotes the MA(∞) of innovations to the monetary policy

variable (i.e., Rt ), the column of responses to the identified monetary policy shock,
ηR,t , and MP is the number of periods the policy intervention remains in place.

ñ Modest policy interventions are not “too large,” ιMP � two standard deviations.

1. A sequence of
{
ηR,T+1+MP−`

}MP
`=0

can be large as long as the duration implied

by MP does not signal a persistent policy intervention.
2. The central bank does not repeat the policy experiment too often =⇒ monetary

policy shocks can be volatile but not “too” persistent.

ñ A small and persistent policy interventions generates a large ιMP =⇒ immodest policy.

1. Revise private expectations about the stability of the current monetary policy
regime because movements in policy do not resemble its historical pattern.

2. Persistent monetary policy surprises can be generated by shifts in the TVPs
of the Taylor rule, ρt , σt,ε , κπ,t , κy,t , and π t =⇒ difficult identification problem.
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A Future for VARs in Monetary Policy Analysis

Implications of Modest and Immodest Policy

ñ Private agents revise their expectations and alter their decision rules when
they believe the central bank is changing its policy regime, or any policy
regime for that matter =⇒ the DGP has nonlinear dynamics.

ñ If the goal of policy evaluation is to understand the impact of shifts or
changes to the monetary policy regimes, have to use models with TVPs.

ñ Use longest available time series =⇒ structural breaks may be informative
about responses of private sector expectations to shifts in policy regimes.
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A Future for VARs in Monetary Policy Analysis

TVP-Structural VARs

ñ TVP-structural Bayesian VARs are often associated with Cogley and Sargent
(NBER Macro Annual, 2002 and RED, 2005) and Primiceri (2005, REStud).

ñ Cogley and Sargent want to test natural rate theories and the
accelerationist Phillips curve

1. Given inflation persistence is falling, fixed coefficient models
will reject natural rate theory.

2. Creates potential for immodest policy because a reduced form
inflation-unemployment rate trade-off (re)appears.

3. Try to exploit the trade-off and raise inflation and restart its
persistence =⇒ shift expectations about the DGP of inflation.

ñ Primiceri wants “to provide a flexible framework for the estimation and
interpretation of time variation in the systematic and nonsystematic
part of monetary policy and their effect on the rest of the economy.”

1. The TVPs include intercept and slope parameters and shocks with TV
heteroskedasticity or stochastic volatility (SV) =⇒ evaluate luck vs policy.

2. Nakajima, Kasuya, and Watanabe (2011, JJIE) estimate a version of this
TVP-SV-SBVAR on Japanese data.
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A Future for VARs in Monetary Policy Analysis

Pros and Cons of TVP-SV-VARs

ñ TVP-SV-BVARs are relatively easy to estimate and compute time-dependent IRFs and
FEVDs to evaluate monetary policy, but there are problems.

1. Primiceri (2005) assumes the regressions are block diagonal =⇒ TVPs are
independent equation by equation.

2. Only estimate recursive SVARs, which limits potential model identification;
Cogley and Sargent (2002, 2005) similar.

3. SBVAR lacks a steady state because RWs drive TVPs =⇒ initial conditions
found in a training sample not the likelihood.

4. Cogley and Sargent invoke a “virtual prior” to impose stationarity on the
TVP-SV-BVAR that tosses any draw of the slope parameters having roots
inside the unit circle.

5. This elimination procedure often requires a large number of draws for the
MCMC to converge =⇒ posterior MSEs display wide coverage intervals because
asymptotically the probability a draw of these TVPs has roots inside the unit
circle -→ 1 =⇒ reject every draw; see Koop and Potter (JEDC, 2011).

ñ There are several examples applying TVP-SV-BVARs to Japanese data.

1. Study conventional and unconventional monetary policies using a “thresholding”
TVP-SV-SBVAR =⇒ Kimura and Nakajima (2013, Bank of Japan WP 13–E–7).

2. Ordering of a monetary policy TVP-SV-SBVAR changes over time =⇒ Nakajima
and Watanabe (2011, Hi-Stat DP 196).

3. Estimating a TVP-SV-BVAR using the particle filter =⇒ Yano and Yoshino (2008).
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A Future for VARs in Monetary Policy Analysis

Canova and Pérez Forero (QE, 2015)

ñ Canova and Pérez Forero (CPF) develop methods to estimate TVP-SV-BSVARs
in which the TVP impact matrix, A0,t , is non-recursive.

ñ Restrictions on A0,t can be linear or nonlinear.

1. Linear restrictions are imposed on A0,t using the format of Amisano and
Giannini (1997) =⇒ Kalman filter and smoother generate TVPs for MH step in a
Gibbs sampling algorithm to estimate SBVARs.

2. Study the Sims (EER, 1991), Gordon and Leeper (JPE, 1994), and Leeper and
Roush (JMCB, 2003) critique of recursive identifications of SVARs.

3. =⇒ Monetary policy makers and financial market participants interact
in the money and bond markets.

4. CPF rely on the extended Kalman filter to approximate nonlinear restrictions,
which involve long-run or sign restrictions =⇒ the extended Kalman filter
replaces the Kalman filter in the MH in Gibbs sampler.

5. Also, explore the impact of Leeper and Zha (JME, 2003) immodest monetary
policy actions on the real economy.
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A Future for VARs in Monetary Policy Analysis

CPF: The Standard TVP-SV-SVAR

ñ CFP work with the TVP-SV-SVAR

A0,tYt = A0,tct + A0,t

p∑
`=1

Bt,`Yt−` + ΓΓΓ tηt , ηt ∼N (0n×1, In) ,

where Yt is n × 1 vector, ct is a n × 1 vector of reduced form intercepts, Bt,`, ` 1 . . . ,
p, is matrix of reduced form slope parameters, ΓΓΓ t = diag

(
γ1,t . . . γp,t

)
are the SVs on

the vector of structural shocks, ηt .

ñ The column vectors of reduced form intercepts and slope parameters, Bt , non-zero
off-diagonal elements of A0,t , a0,t , and scale volatility parameters, γt , of the structural
errors evolve as (driftless) random walks with mean zero, Gaussian innovations

Bt+1 = Bt + ϑt+1,
a0,t+1 = a0,t + ψt+1,

lnγt+1 = lnγt + ξt+1,

where

VVV ≡ Var


ηt+1
ϑt+1
ψt+1
ξt+1

 =


I 0 0 0
0 ΩΩΩϑ 0 0
0 0 ΩΩΩψ 0
0 0 0 ΩΩΩξ

 .
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A Future for VARs in Monetary Policy Analysis

Revise the Standard TVP-SV-SVAR

ñ RememberXXX′t = In
⊗[
Y′t−1 . . . Y′t−p 1

]
and Bt = vec

([
B1,t . . . Bp,t ct

])
=⇒ the

standard TVP-SV-SVAR can be written in concentrated form

A0,t
(
Yt − XXX′tB̂t

)
= ΓΓΓ tηt ,

where B̂t are estimates of the reduced from TVP intercepts and slope coefficients
=⇒ draw A0,t and ΓΓΓ t conditional on estimates of Bt .

ñ Define Ŷt ≡ Yt − XXX′tB̂t , vec
(
A0,t

)
= SA0ft + sA0 , ft = f (a0,t

)
, SA0 is n2 × dim

(ft),
and sA0

(
= In

)
is a column vector of length n2.

1. =⇒ Reparameterize the TVP-SV-SVAR as a “static” system of regressions(
Ŷ′t
⊗

In2

) [
SA0ft + sA0

]
= ΓΓΓ tηt .

2. Let Ỹ′t ≡
(
Ŷ′t
⊗

In2

)
sA0 and ZZZt = −

(
Ŷ′t
⊗

In2

)
SA0 =⇒ Ỹ′t = ZZZtft + ΓΓΓ tηt ,

which is a system of observation equations and the system of state

equations is ft+1 = ft + µt+1, µt+1 ∼ N
(
0n2 , ΩΩΩµ), where ΩΩΩµ ≡ ΩΩΩψ

=⇒ ΩΩΩµ is non-diagonal for the TVP-SV-SVAR.
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A Future for VARs in Monetary Policy Analysis

Summary of CFP’s Sampling Algorithm

ñ The Gibbs sampling problem is to draw

f T ∼ P
(
f T
∣∣∣ỸYY, ST , γT , VVV, B̂T

)
,

where f T ≡
{
ft
}T
t=1

, ST ≡
{
st
}T
t=1

, γT ≡
{
γt
}T
t=1

, B̂T ≡
{

B̂t
}T
t=1

, and

the vector of volatility states is st ≡
[
s1,t s2,t . . . sj,t . . . sJ,t

]′
=⇒ sample f T conditional on ST , γT , VVV, and B̂T .

ñ CFP devise a Metropolis in Gibbs sampler that

1. draws BT conditional on the data, f T , ST , γT and VVV,

2. draws f T conditional on the data, BT , ST , γT and VVV,

3. =⇒ update f T using the Metropolis criterion,

4. draws ST conditional on the data, BT , f T , γT and VVV,

5. draws γT conditional on the data, BT , f T , ST , and VVV.

6. =⇒ Condition on the current realization of the indicator ST

when drawing γt ; see Del Negro and Primiceri (REStud, 2015).

Jim Nason Lecture 1: The Central Banker’s Model Toolbox



A Future for VARs in Monetary Policy Analysis

CFP’s Sampling Algorithm, Part 1

ñ The multi-step algorithm, which generates the posterior of the revised TVP-SV-SVAR,

starts by initializing
[
BT0 f T0 ST0 γ

T
0 VVV0

]
, followed by iterating from j = 1 to J,

1. sample BTj ∼ P
(
BTj

∣∣∣ỸYY, f Tj−1, S
T
j−1, γ

T
j−1, VVVj−1

)
I
(
BTj

)
, where I

(
BTj

)
is an

indicator function tossing draws of BT with roots inside the unit circle and

P
(
B
∣∣∣ỸYY, ·, ·, ·, ·) ∼ N (

B, ΩΩΩB

)
=⇒ several samplers are available to draw BT ,

2. next draw f Tj ∼ P
(
f Tj
∣∣∣ỸYY, STj−1, γ

T
j−1, VVVj−1, BTj

)
and use the KS to sample

f 	
t ∼ P

(
fj,t

∣∣∣fj−1,t
)
= t

(←→
f j,t|t+1, %

←→ΣΣΣ f ,j−1,t|t+1, $
)
, where 0 < % and 4 ≤ $,

3. construct κ =
P
(
f 	,T

∣∣∣ỸYY, ST , γT , VVV, B̂T
)
P
(
f 	,T
j−1

∣∣∣f 	,T
j

)
P
(
f Tj−1

∣∣∣ỸYY, ST , γT , VVV, B̂T
)
P
(
f 	,T
j

∣∣∣f 	,T
j−1

) , where

P
(
f T
∣∣∣ỸYY, ST , γT , VVV, B̂T

)
= L

(
ỸYY
∣∣∣f T , ST , γT , VVV, B̂T

)
P
(
f T
)
If is the

posterior of f T , P
(
f T
)

is the prior of ft , and If is an indicator function

flagging whether A0,t is full rank,
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CFP’s Sampling Algorithm: The Likelihood

ñ CFP build the likelihood of the TVP-SV-SVAR out of the static regressions

Ỹ′t = ZZZtft + ΓΓΓ tηt .
ñ Given the SV in the structural shocks, ηt , the likelihood is

L
(
ỸYY
∣∣∣f T , ΩΩΩµ, Γt , ΩΩΩξ ; Bt , ΩΩΩϑ)

=
(
2π

)−0.5nT
T∏
t=1

det
∣∣∣FFF(a0,t

)∣∣∣ exp

−1
2

T∑
t=1

[
Ỹ′t −ZZZtft

]′ (ΓΓΓ 2
t

)−1[
Ỹ′t −ZZZtft

] ,
where FFF

(
a0,t

)
= reshape

(
SA0ft + sA0 , n, n

)
≡ A0,t and

1. the tails of the t -distribution capture the range of the posterior of a0,t ,
2. elements of a0,t are sampled jointly =⇒ ΩΩΩµ is not diagonal, and

3. the MH step is needed because â0,t and Ω̂ΩΩµ are OLS constructs

=⇒ ignore information in the gradient,
∂vec

(
A0,tYt

)
∂Y′t

, about L
(
ỸYY
∣∣∣a0,t

)
.

4. If the Jacobian matters for the shape of the likelihood and thus the
posterior, this can be a problem for estimation and inference.
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CFP’s Sampling Algorithm, Part 2

ñ Given the proposed draw f Tj and the previous accepted draw f Tj−1, the next step

of CFP’s sampling algorithm sets

4. the update to f Tj = f 	,T if κ > u1 ∼ U
(
0, 1

)
=⇒ otherwise f Tj = f Tj−1.

5. The final step draws ΩΩΩ−1
µ,j ∼ P

(ΩΩΩ−1
µ,j−1

∣∣∣f Tj , ỸYY
)
= IW

(ΩΩΩµ , ν), given f Tj and ỸYY,

where ν = T + ν , ν > 0, and ΩΩΩ−1
µ =

[ΩΩΩµ +∑Tt=1

(
fj,t − fj,t−1

)(
fj,t − fj,t−1

)′]−1
.

ñ With the accepted draw f Tj , proceed to the next step of CFP’s algorithm which is to

generate the next draw of the SVs, γT`,j , ` = 1, . . . , n.
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CFP’s Sampling Algorithm, An Aside
ñ Before continuing the multi-step algorithm for the TVP-SV-SVAR, an aside.

1. The system of static regressions, Â0,tŶt = ΓtΓtΓtηt , is conditionally linear on ŶYY,

where Â0,t is evaluated at fff Tj , and vec
(
Â0,t

)
= SA0fff j,t + sA0 .

2. Define ̂̂Yt ≡ Â0,tŶt =⇒ the `-th equation of the system of static regressions

is approximated as ln
(̂̂Y2
`,t + small constant

)
≈ 2 lnγ`,t + lnη2

`,t .

3. The assumption of Gaussian structural errors =⇒ lnη2
`,t ∼ lnχ2

(
1
)
, which

is approximated by a mixture normal distribution.

4. Sample ST from the mixture normal distribution =⇒ the system of static
regressions is linear with Gaussian innovations given ST .

ñ Calibrate a mixture normal distribution to approximate lnγj,t , j = 1, . . . , n, with a

mixture normal assumption because lnγj,t ∼ lnχ2
(
1
)
=⇒ draw sj,t of the underlying

state of the SBVAR from a calibrated mixture normal distribution to sample lnγj,t .

ñ Table 4 of Kim, Shephard, and Chib (1998, “Stochastic volatility: Likelihood inference
and comparison with ARCH models,” Review of Economic Studies 65, 361–393) or
table 1 of Omori, Chib, Shephard, and Nakajima (2007, “Stochastic volatility with
leverage: Fast and efficient likelihood inference,” Journal of Econometrics 140,
425–449) contain weights needed to calibrate the mixture normal distribution.
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CFP’s Sampling Algorithm, Part 3
ñ Given these results, the rest of the sampling consists of

6. Sample sTm from the mixture normal distribution using

Pr
(

s`,t =m
∣∣∣ ̂̂Yt , lnγ`,t

)
∝ qm × φ

 ̂̂Yt − 2 lnγ`,t − τm + 1.2704
ςm

, conditional

on ̂̂YYY, fff Tj , BTj , and γTj−1, where Pr
(s`,t =m) = qm is the probability of drawing

statem, φ
(
·
)

is the pdf of the normal distribution, τm and ςm are the mean and
standard deviation of the mth draw from the mixture normal distribution, and

1.2704 is a constant to control for (very) small realizations of ̂̂Yt .
7. Next, if Pr

(
s`,t = j − 1

∣∣∣ ̂̂Yt , lnγ`,t
)
< u2 ≤ Pr

(
s`,t = j

∣∣∣ ̂̂Yt , lnγ`,t
)

, s`,t = j,
otherwise, s`,t = j−1, where u2 ∼ U

(
0, 1

)
.

8. Similar to the KS updating of f Tj , generate updates of γT using its random walk

law of motion conditional on ̂̂YYY, fff Tj , BTj , and STj , where sampling of γ`,t depends

on a diagonal ΩΩΩξ =⇒ independence of γ`,t , ` = 1, . . . , n.

9. Lastly, sample each block of VVV as an independent IW , where

VVVj ∼ P
(
VVVj

∣∣∣ỸYY, f Tj−1, S
T
j−1, γ

T
j−1, VVVj−1, BTj

)
.

ñ Repeat the 9-step Metropolis in Gibbs sampling algorithm j = 1, . . ., J times.
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Sampling the Reduced Form TVPs

ñ CPF provide MatLab™ programs to estimate non-recursive TVP-SV-SBVARs at
http://www.qeconomics.org/upcoming/305/QE305_code_and_data.zip.

ñ These MatLab™ programs include several algorithms for sampling Bt , given the
TVP-SV-SBVAR is identified on the short-run impact matrixA0.

1. A multi-move MH sampler described in Carter and Kohn (1994, “On Gibbs
sampling for state space models,” Biometrika 81, 541–553).

2. A single-move MH sampler described in Koop and Potter (JEDC, 2011).
3. By recasting the TVP-SV-SVAR as a hierarchical model, Chib and Greenberg

(J. of Econometrics, 1995) develop a multi-move MH sampler, which
is refined by Koop and Korobilis (2010).

ñ There is trade-off in speed and efficiency when choosing to use single- or multi-move
sampling algorithms.

1. Multi-move samplers converge fast, but to satisfy the restriction that the
roots of BT are outside the unit circle may need many, many draws
to satisfy the stationarity restriction.

2. Single move algorithms require fewer draws, but convergence is slow.
3. This can be an important computational choice because Bt is a 78 × 1 vector

of reduced form intercept and slope parameters for n = 6 and p = 2.
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Ex. 1: Non-Recursive Monetary Policy VARs

ñ Consider a SVAR estimated on Yt =
[∆Yt ∆Ct URt πt ∆CPt RMP ,t

]′, which contains
output growth, consumption growth, the unemployment rate, inflation, commodity
price growth, and the central bank’s policy rate; see Leeper and Roush (JMCB, 2003).

ñ Estimate the SVAR, which lacks a monetary aggregate, on a non-recursive identification

A′0 =



PM PM PM PM IN MP

A11,0 A12,0 A13,0 A14,0 A15,0 A16,0

0 A22,0 A23,0 A24,0 A25,0 0

0 0 A33,0 A34,0 A35,0 0

0 0 0 A44,0 A45,0 A46,0

0 0 0 0 A55,0 0

0 0 0 0 A65,0 A66,0


,

where PM, IN, and MP denote the product market, information, and monetary policy
sectors, and the SVAR is over-identified =⇒ 17 zeros > 0.5n

(
n− 1

)
= 15.

ñ The non-recursive SVAR is built on three identifying assumptions: (i) PM shocks only
affect the variables of the PM at impact, (ii) at impact, the information variable, ∆CPt ,
responds to the other variables in Yt =⇒ all shocks in ηt , and (iii) only ∆Yt , πt , and
RMP ,t enter the interest rate rule.
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Ex. 2: Non-Recursive Monetary Policy VARs
ñ There are many ways to add a monetary aggregate to the SVAR, . . . , let Yt =[∆Yt ∆Ct URt πt RM2,t ∆CPt ∆M2,t RMP ,t

]′ =⇒ Bt is a 136 × 1 vector when p = 2.

ñ The non-recursive over-identified (32 zeros > 0.5n
(
n− 1

)
= 28) SVAR has

A′0 =



PM PM PM PM IN IN MD MP

A11,0 A12,0 A13,0 A14,0 A15,0 A16,0 0 0

0 A22,0 A23,0 A24,0 A25,0 A26,0 A27,0 0

0 0 A33,0 A34,0 A35,0 A36,0 0 0

0 0 0 A44,0 A45,0 A46,0 A47,0 0

0 0 0 0 A55,0 A56,0 A57,0 0

0 0 0 0 0 A66,0 0 0

0 0 0 0 A75,0 A76,0 A77,0 A78,0

0 0 0 0 A85,0 A86,0 A87,0 A88,0



,

ñ Identification adds to (i) and (ii) a money demand (MD) shock to M2t that moves

1. it, ∆Ct , πt , RM2,t , and RMP ,t , at impact, where RM2,t is the return on M2t .
2. A linear restriction, A57,0 = A87,0, equates parameters on RMP ,t and RM2,t

in the MD block, which imposes arbitrage across money and credit markets
=⇒ opportunity cost of holding M2t , RM2,t − RMP,t , responds to MD shocks,

3. MP shock affects M2t and RMP ,t at impact =⇒ interest rate or M2 supply rule?
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Motivate a Japanese-U.S. Monetary Policy VAR

ñ Japan and the U.S. are large open economies and important trading partners.

ñ The Bank of Japan and the Fed have altered their monetary policy operating
mechanisms and engaged in “unconventional” policies in the last 25 years;
see Jinushi, Kuroki, and Miyao (IIE, 2000), Ugai (MES, Bank of Japan, 2007),
Shiratsuka (MES, Bank of Japan, 2010), Kimura, Kobayashi, Muranaga, and
Ugai (IMES, DP-2002-E-22), Fukunaga and Kato (JJIE, 2016), and Ihrig, Meade,
and Weinbach (JEP, 2016).

ñ How to identify these shifts in Japanese and U.S. monetary policy to study
potential Japanese-U.S. monetary policy interactions and impact on aggregate
fluctuations in these economies?

ñ If these shifts in Japanese and U.S. monetary policy operating mechanisms
and regimes are identified, are these changes modest or immodest?
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Ex. 3: A Japanese-U.S. Monetary Policy VAR

ñ The two-country SVAR should have PMs, MDs, and MPs for both economies.

1. Minimal PM: ∆Yi,t and πi,t to manage dim(Yt), i = JPN and US. Or include URi,t?
2. Which MD: ∆M1i,t , ∆M2i,t , or ∆M3i,t? M1 & M2

3. What is MP: RMP ,i,t , but to identify “unconventional” policy include the monetary

base, ∆MBi,t , and a private nearly risk free inside money alternative? MB & M3

ñ Expand IN: Along with ∆CPi,t and RMm,t , m = 1, 2, or 3, add the nominal
exchange rate, eUS$/JPY ,t , and long private and government bond yields, RLP,i,t
and RLG,i,t =⇒ include information about risk, term, and liquidity spreads?

ñ When n = 14 and p = 2, Bt is a 406 × 1 vector and have not mentioned
trade variables (i.e., the current account?) =⇒ efficiency of the sampler?
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Alternative Macroeconometric Models

ñ Several leading examples are Markov switching (MS-)BVARs, dynamic factor
augmented (DFA-)VARs, and unobserved component (UC) models.

ñ MS-BVARs: Good for estimating unconditional and conditional probabilities
of the hidden states or regimes of an economy, but difficult to identify,
computationally fragile as n, T , and/or the number or regimes increase,
and experience is data support three regimes at most; see Sims, Waggoner,
and Zha (JofE, 2008).

ñ DFA-VARs: Competitive forecasting tool, but issues as a tool used in policy
evaluation; see Stock and Watson (2016, “Factor Models and Structural
Vector Autoregressions in Macroeconomics,” Taylor and Uhlig (eds.),
Handbook of Macroeconomics, V.2, North-Holland-Elsevier).

ñ UC Models: We will discuss examples in the second and third lectures.
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When Macroeconomists Build Models

ñ Gentle Reminder: Which internally coherent and falsifiable models are
useful for policy analysis?

ñ A Discipline for Economists: Separate assumptions integral for the model
to work from the endogenous mechanisms that drive model predictions
that are of interest to the policy maker.

ñ Maintained Assumption: Macro has useful classes of models, but is far
from having a single unified theory.

1. Implication: There is no single model capable of answering any
and all research and policy questions.

2. Implication: Suggests matching models to research and policy
questions conditional on the tools available to economists.
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DSGE Models and Policy Evaluation

ñ DSGE Models: Policymakers often want to assess the impact of competing
policies through the prism of restrictions available in DSGE models.

ñ Demanding: DSGE models, although perhaps the best approach to respond
to the questions policy makers ask, have costs for central banks.

1. Misspecification: All (DSGE) models are false and more elements are
added to DSGE models over time including non-Walrasian market
clearing, financial markets, and information restrictions =⇒ cost is
greater model fragility and complexity.

2. Fragile Specifications: DSGE model predictions are not robust to
small changes of functional forms =⇒ symptom of misspecification.

3. Solution Methods: Solving nonlinear models can be computational
burdensome, especially when combined with estimation.

4. Estimation: Herbst and Schofheide (2016) survey particle filter
methods to estimate (nonlinear) models =⇒ computationally intensive.

5. Resource Costs: Staff resources and high performance computers
along with the time to develop and maintain models.

ñ Question: Which class of DSGE models addresses demands of policy makers?
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New Keynesian DSGE Models

ñ Monetary Policy Analysis: At central banks the dominate class of DSGE
model is new Keynesian.

ñ To What End?: The NKDSGE model was designed to replicate the dynamic
response of output to an identified monetary policy shock.

1. The canonical specification includes several real frictions and one or
more nominal frictions =⇒ CEE (JPE, 2005) and SW (AER, 2007).

2. What additional frictions can be added to NKDSGE models to match
other moments of the data, especially on data post-2007?

ñ What’s In There?: Nominal frictions draped around a RBC core defines
the class of NKDSGE models =⇒ start with a complete markets model.
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A Short and Gentle Review of RBC Theory

ñ Canonical RBC model consists of

1. Supply Side: Firm is a Solow growth model driven by TFP.
2. Demand Side: Household is a permanent income (PI) consumer.

ñ First two welfare theorems are satisfied by the canonical RBC model =⇒ complete set
of Arrow-Debreu markets.

ñ In the canonical NKDSGE model, the real frictions are

1. Consumption Habit: Kano and Nason (JMCB, 2014) show the linearized Euler
equation yields a AR(1) for consumption growth with a forward looking real

interest rate shock, ∆ lnCt = α1∆ lnCt−1 + α3
∑∞
j=0 α

−j
2 Etrt+j ,

2. Investment Adjustment Costs: Linearize the Euler equation of investment
to find Et∆ lnXt+1 = γ1∆ lnXt + γ2qt + γ3εt , where qt is Tobin’s q and εt is
the innovation to TFP =⇒ Fama (JME, 1992) finds U.S. investment growth
responds to TFP shocks and is mean reverting,

3. Capacity Utilization: Optimality conditional is φt = ν lnut + ln
(
Kt
/
Yt
)
− εt

after linearization =⇒ movements in marginal cost, φt , are restricted
by capacity utilization, ut , and the capital-output ratio.
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NKDSGE Models and Aggregate Fluctuations

ñ NKDSGE models discipline nominal stickiness with micro foundations; see
Rotemberg (REStud, 1982), Calvo (JME, 1983), and an alternative is Sims
(1998, “Stickiness,” Carnegie-Rochester Conference Series-JME 49, 317–356).

1. Calvo time-dependent staggered price (nominal wage) setting rests on a fraction
of monopolistically competitive final goods firms (households) are allowed to set
and commit to a new output price (nominal wage), between dates t−1 and t.

2. Firms (households) satisfy demand, which is downward sloping, but those not
able to set a new optimal price (nominal wage) can only do this by adjusting
their output (labor services) =⇒ NK models are aggregate demand determined.

3. The dynamic responses of output and inflation to a monetary policy shock mark
the empirical success of NKDSGE models =⇒ few if any other classes of macro
models generate similar responses.

ñ NKDSGE models lack complete markets because of the nominal stickiness
in prices and/or nominal wages; not the real frictions mentioned above.

1. Firms (households) forced to use non-optimal prices (nominal wages) would be
better off insuring against not being able to update their prices (nominal wages).

2. By assumption, these contingent claims markets are shut down in NK models
=⇒ otherwise have a flexible price (nominal wage) model.
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Lindé, Smets, and Wouters (Riksbank, WP323, 2016)

ñ Their motivation is NKDSGE models “have been criticized for omitting key
financial mechanisms and shocks stemming from the financial sector.”

1. The canonical NKDSGE model is unable to replicate the depth and persistence
of the last U.S. recession and recovery with respect to output.

2. Depth: Add shocks to mimic U.S. term and risk spreads. T-Sprds and R-Sprds

3. Persistence: Include negative investment and positive price mark-up shocks
and the zero lower bound on the fed funds rate. Invst Growth and Invst/Y

4. Are these shocks the NK equivalent of incredible identifying assumptions?
5. Is the zero lower bound a technological constraint in the U.S. or a policy choice?

ñ LSW consider three patches to the canonical NKDSGE model, which improves
model fit on the post 2007–2008 sample.

1. The financial accelerator of BGG includes net worth and credit channel shocks.
2. Regime switching (RS) with respect to financial frictions and shocks.
3. Agents in the model observe the external finance premium at a higher

sampling frequency than does the econometrician.
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Post 2007–2009 Patches to the NKDSGE Model
ñ LSW suggest a research agenda for central bank economists by studying the failures

of NKDGSE models to explain U.S. aggregate fluctuations since 2007.

1. Financial Accelerator 1: LSW set the risk free rate, Rt , to the central bank’s
policy rate plus an exogenous shock, which implies FIs diversify the asset
side of their balance sheet up to the aggregate exogenous shock =⇒ as in BGG,
firms can fail, but not FIs; otherwise the NKDSGE model lacks a steady state.

2. Financial Accelerator 2: LSW create a “credit channel” by adding a net worth
shock to E

{
RK,t − Rt

}
=⇒ reacts to assets and liabilities on FI balance sheets.

3. RS 1: Insert MS-SV into the impulse structure of the model to induce episodes
of greater uncertainty about financial shocks, but LSW find MS captures
long run movements =⇒ real and finance balanced growth paths?

4. RS 2: LSW assume the response of E
{
RK,t − Rt

}
to tighter financial frictions

(i.e., larger monitoring costs) is exogenous =⇒ endogenous regime switching
is a difficult computational problem in DSGE models; see Foerster,
Rubio-Ramírez, Waggoner, and Zha (Quantitative Economics, 2016).

5. RS 3: Placing regime switching in the risk premium suggests a financial crisis
in the model is a liquidity shortage not the (in)solvency of FIs.

6. Conditioning Information 1: LSW let agents see interest rates (i.e., credit
spreads) before these data are realized in real time =⇒ violates RE.

7. Conditioning Information 2: Is an anticipated liquidity shortage only
about forward looking intertemporal prices?
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Transmission of Unconventional Policies

ñ LSW argue an open research issue is to address “unconventional” monetary
policies that engage a central bank’s balance sheet in NKDSGE models.

ñ However, NKDSGE models often deny a role for monetary aggregates in
explaining aggregate fluctuations and describing monetary policy regimes.

ñ What mechanism maps changes in the asset and liabilities on a central bank’s
balance sheet into real aggregate fluctuations?

1. Does the transmission mechanism operate in a direct line from LSAPs/QE
experiments to long term private interest rates (i.e., Tobin-Meltzer effect)?

2. Whether or not, central bank liabilities move in step with LSAPs/QEs
=⇒ Are LSAPs/QE experiments “helicopter drops” of money?

3. LSAPs/QE experiments drive changes in the monetary base =⇒ do these
policies affect FIs through price and/or quantity channels?
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Money and Unconventional Policy

ñ Do FIs respond to LSAPs/QEs with non-trivial balance sheet decisions?

1. =⇒ Model the FI’s dynamic optimization problem, which involves loan creation.
2. Loan creation produces inside money, but the financial accelerator makes no

predictions about these monetary aggregates.
3. Which monetary aggregates, the liabilities of FIs and/or the central bank, are

important for studying the unconventional policy transmission mechanism?

ñ This begs the question of what a financial crisis is in a NKDGSE model with
financial frictions =⇒ alter the steady state, only a larger than normal shock,
or a change in the dynamics of the transition path back to the steady state?

ñ And have yet to mention heterogeneous agent-life cycle models as a
potentially useful model for central bank economists; for example, see
Gornemann, Kuester, and Nakajima (2016, “Doves for the Rich, Hawks
for the Poor? Distributional Consequences of Monetary Policy,”
manuscript, FRB-Philadelphia).
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Finis

Thank you.
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Japanese and U.S. M1 Growth Rates (Year over Year), 1975Q1 to 2016Q4
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Japanese and U.S. Monetary Base Growth Rates (Year over Year), 1975Q1 to 2016Q4
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Private Term Spread, 1920Q1 to 2016Q4

1919 1923 1927 1931 1935 1939 1943 1947 1951 1955 1959 1963 1967 1971 1975 1979 1983 1987 1991 1995 1999 2003 2007 2011 2015 2019
-2

0

2

4

6

8
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Risk Spread: Long Private Bond Yield net of the Long Treasury Bond Yield, 1920Q1 to 2016Q4
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Figure: Investment Growth (Year over Year), 1948Q1 to 2016Q3
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Figure: Investment Expernditures to GDP, 1948Q1 to 2016Q3
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