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Abstract

DSGE models with different structural parameters can be observationally equiva-

lent for the moments used in limited-information estimation. This is consequential

for policy: parameter values that generate the same moments can imply different

welfare rankings of policy rules. We study the choice of an interest-rate rule from

a statistical decision-theoretic perspective. We apply a quasi-Bayes decision rule

that minimizes posterior expected loss. The rule averages welfare over the struc-

tural values the moments leave plausible. We illustrate the construction in a Monte

Carlo design and in a medium-scale New-Keynesian DSGE model estimated by

impulse-response matching.

1 Introduction

DSGE models provide a structural environment in which alternative policies can be evalu-

ated in order to decide upon an optimal policy. The model specifies how private decisions,

frictions, shocks, and policy interact in equilibrium, so that a change in the policy can

be mapped into outcomes and welfare. This interaction, however, depends on the un-

derlying structural parameters. In empirical work these parameters can be disciplined

by selected implications of the model, such as moments, auto-covariances, spectra, or im-

pulse responses. A central difficulty is that this mapping need not be one-to-one: different

structural parameter vectors can generate the same, or nearly the same, empirical objects.

This distinction is consequential for policy. Chari et al. (2009) emphasize that reduced-

form objects can fit the data while admitting several structural interpretations with dif-

ferent policy implications. In the DSGE identification literature, Canova and Sala (2009)

show that impulse-response matching can leave structural parameters unidentified be-

cause parameters may drop out of the solution, enter the matched responses only through

1



combinations, or generate objective functions with little curvature. Thus parameter vec-

tors that are hard to distinguish empirically may have different welfare properties, and

a DSGE model can be disciplined by the moments used for estimation while leaving

unresolved the structural state that matters for policy.

This paper studies that problem for the choice of an operational interest-rate rule in

a New Keynesian environment. In such models, the welfare ranking of policy actions

depends on the parameters governing nominal rigidities, real frictions, and shock prop-

agation (Woodford, 2003; Gaĺı, 2015). If those parameters are weakly identified by the

moments used in estimation, plug-in policy choice treats as known precisely the object

the data have failed to pin down. The relevant question is then not only which parameter

vector best fits the data, but which policy performs well across the structural values the

data leave plausible.

The argument of this paper is that, once parameter uncertainty of this kind is taken

seriously, the selection of a policy is not an estimation problem followed by an optimization

but a statistical decision problem in the sense of Wald (1950). The action is an operational

rule, the state is the structural parameter that generated the data, and the loss is the

welfare cost incurred by the rule at that state. The object of interest is not the parameter

value that best fits the data but the rule that performs well across the parameter values

the data leave plausible. In the local experiments associated with weak identification, the

directions left undetermined by the moments cannot be treated as consistently estimable.

Policy choice then requires an explicit criterion for trading off expected loss across states.

We use the quasi-Bayes construction of Andrews and Mikusheva (2022) to form this

trade-off; the resulting operational policy maximizes quasi-posterior expected welfare.

Relation to the literature on robust policy. This paper is closely related to ro-

bust monetary policy literature. Here, “robustness” denotes several distinct programs.

In the Hansen–Sargent tradition (Hansen and Sargent, 2008), the policymaker knows the

structural parameters but distrusts the probability law governing outcomes; specifica-

tion doubts are disciplined by a set of models surrounding a benchmark, and the rule is

evaluated under the least favorable member of that set, yielding a max-min criterion.

Giannoni and Woodford (2005, 2017) pursue a different notion: within a correctly

specified equilibrium they derive robust targeting criteria that implement the optimal

allocation without detailed knowledge of the disturbance processes, and a related literature

studies robustness to departures from rational expectations (Woodford, 2010).

This paper addresses a third and complementary source of doubt: weak empirical

discipline on the structural parameters that matter for policy. The issue is not that

the policymaker distrusts the model’s probability law or seeks a rule that is robust to

unspecified disturbances. It is that the empirical moments used to discipline the DSGE

model may leave several welfare-relevant structural states plausible in the weak-GMM
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limit.

Contributions. The paper makes three contributions. First, it shows that weak iden-

tification in limited-information DSGE estimation has direct policy consequences: struc-

tural parameters that are observationally equivalent for the matched moments can imply

different welfare rankings of operational interest-rate rules. Plug-in policy choice therefore

inherits the instability of the point estimate. Second, it formulates the choice of a policy

rule as a statistical decision problem. The action is the rule, the state is the structural

parameter, and the loss is the welfare cost of using the rule at that state. This formulation

makes clear that plug-in is a degenerate Bayes rule and that, under weak identification,

policy choice requires an explicit ordering of risk across the structural values left plausible

by the data. Third, following Andrews and Mikusheva (2022), it constructs a feasible

quasi-Bayes rule to choose a policy. The rule minimizes posterior expected loss and co-

incides with plug-in under strong identification, but under weak identification it averages

welfare over the relevant set of plausible structural values. We illustrate the mechanism

in a Monte-Carlo design, where the welfare gain can be measured against the truth,

and in a medium-scale DSGE model estimated by impulse-response matching, where the

quasi-Bayes rule reveals how weak identification changes the policy recommendation.

Outline. Section 2 states the policy problem under a known model and isolates the de-

pendence of the optimal rule on the structural parameters. Section 3 sets up estimation by

the continuously-updating GMM criterion, distinguishes strong identification, weak iden-

tification, and misspecification, and derives the Gaussian limit. Section 4 formulates policy

choice as a statistical decision problem on the limiting problem. Section 5 constructs the

quasi-Bayes operational policy and establishes its optimality and its strong-identification

limit. Section 6 reports the application.

2 The Policy Problem under Parameter Uncertainty

The economic model is indexed by a structural parameter ψ ∈ Ψ and a policy action

a ∈ A. The action indexes a policy; in the monetary-policy application, A is a parametric

family of interest-rate rules, such as Taylor rules a = (φπ, φy, ρr) that respond to inflation

and the output gap with interest-rate smoothing. Each pair (ψ, a) induces an equilibrium,

which the policymaker evaluates through the welfare function W (a, ψ).

Assumption 1 (Action class and welfare). A is compact. For each ψ ∈ Ψ the determi-

nacy set Aψ = {a ∈ A : (a, ψ) induces a unique stable equilibrium with finite welfare} is

nonempty, and W (·, ψ) is continuous on Aψ. W (a, ψ) is bounded on {(a, ψ) : a ∈ Aψ}.

We focus on cases in which the parameters (ψ, a) determine the equilibrium objects

entering W (·, ·), not the welfare function itself.
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If ψ were known, the optimal operational policy would solve

a⋆(ψ) ∈ argmaxa∈Aψ W (a, ψ). (1)

This is the conventional optimal-policy problem, whether the maximization is unre-

stricted, as in Ramsey analysis, or confined to an operational class of implementable

rules (Woodford, 2003; Giannoni and Woodford, 2005, 2017; Schmitt-Grohé and Uribe,

2007). Even with ψ known, the problem is substantive because evaluating W (a, ψ) re-

quires solving the equilibrium induced by each candidate action.

The difficulty studied here is that ψ is not known. Different structural parameter

values can imply different welfare rankings over the same policy actions. A rule that is

optimal at one value of ψ need not be optimal at another. Policy choice under parameter

uncertainty therefore requires a criterion for comparing rules across the structural values

left plausible by the data.

Usually ψ is inferred from data. Let XT = {xt}Tt=1 be the observed sample, with

support X and law P . A decision rule δ : X → A maps the sample into the action space.

With loss L(a, ψ) = −W (a, ψ), the rule is evaluated at θ by its risk∫
X
L(δ(x), ψ) dP (x). (2)

The goal is to choose a rule with a desirable risk function. Which risk functions are at-

tainable, and how they should be ordered, depends on how the data identify the structural

parameters.

3 Identification and Inference

Let sample XT follow law Pθ in a model P = {Pθ : θ ∈ Θ}. The maintained parameter

is θ = (ψ, α). The component ψ collects the policy-invariant structural parameters, while

α describes the policy prevailing in the sample and therefore affects the law of observed

data and moments. The counterfactual policy experiment holds ψ fixed and replaces α

by the chosen action a; accordingly loss depends on θ only through ψ. The moments may

carry information about both blocks, so identification is posed for the full vector θ.

Assumption 2 (Moment condition). There is a known function ϕ : X × Θ → Rk such

that, under the true law Pθ0, the true value θ0 = (ψ0, α0) satisfies

Eθ0 [ϕ(xt, θ0)] =
∫
X
ϕ(xt, θ0) dPθ0(xt) = 0.
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Inference proceeds through the sample-moment process,

mT (θ) =
1√
T

T∑
t=1

ϕ(xt, θ), (3)

with which we can build the continuously-updating GMM criterion (Hansen, 1982; Hansen

et al., 1996)

QT (θ) = mT (θ)
′ Σ̂(θ)−1mT (θ) (4)

with Σ̂(θ) a consistent estimator of limT→∞Varθ0(mT (θ)). This gives the continuously-

updating estimator (CUE), θ̂ = argminθ∈ΘQT (θ).

Example. Impulse-response matching is the running example. It is a common

limited-information way to estimate structural DSGE models without specifying the full

likelihood (Christiano et al., 2005; Hall et al., 2012). Let γ̂T ∈ Rk collect the selected

empirical impulse responses estimated from a reduced-form vector autoregression. If r

responses are matched over H horizons, then k = rH. We assume γ̂T is consistent for

the population response vector γ0 ∈ Rk, and let g(θ) ∈ Rk collect the corresponding

model-implied responses. Under correct specification, the population responses satisfy

γ0 = g(θ0). Estimation proceeds by minimising

mIRF
T (θ) =

√
T (γ̂T − g(θ)),

weighted with V̂ , a consistent estimator for the asymptotic covariance of
√
T (γ̂T − γ0).

The procedure matches selected reduced-form dynamics rather than the full likelihood.

Because V̂ does not depend on θ, the criterion is a fixed-weight minimum-distance crite-

rion.

We discuss different identification cases. Consider the identified set

Θ0 =
{
θ ∈ Θ : Eθ0 [ϕ(xt, θ)] = 0

}
, (5)

the set of parameter values consistent with the population moment condition (Assump-

tion 2) under the true law Pθ0 . We distinguish between strong identification, weak iden-

tification, and misspecification.

Strong identification. Θ0 = {θ0} is a singleton: θ0 is the unique value satisfying the

population moment condition. Then ψ0 is recovered from the population moments, and

the population optimal policy is a⋆(ψ0).

Weak identification. The moment condition is close to zero, relative to sampling uncer-

tainty, over a nontrivial part of the parameter space. Following Andrews and Mikusheva

(2022, Section 2.1), we model this by sequences of data-generating processes that are lo-

cal to an identification failure. At the limiting law, the moment condition holds at more

than one value, so Θ0 contains several parameter values. Let Ψ0 = {ψ : (ψ, α) ∈ Θ0} be
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the corresponding set of structural components relevant for welfare. This component is

therefore identified only up to the set Ψ0, and the associated optimal policies form the

set {a⋆(ψ) : ψ ∈ Ψ0}.
Misspecification. No θ ∈ Θ satisfies

EP0 [ϕ(xt, θ)] = 0,

for a true limiting law P0, so the identified set Θ0, now taken under P0, is empty. The

relevant object is then a pseudo-true value minimizing the population criterion, which

can depend on the weighting matrix (Hall and Inoue, 2003).

The remainder of the paper focuses on strong and weak identification under correct

specification. Extending the policy problem to misspecification would require a separate

pseudo-true or enlarged-state decision problem. Although relevant, that case does not fit

the current framework and is left for future work.

Example (cont.). In impulse-response matching, strong identification corresponds

to a unique θ0 such that γ0 = g(θ0). Weak identification corresponds to multiple, or nearly

multiple, structural values matching the same population responses, so that γ0 = g(θ∗) for

multiple θ∗ ∈ Θ0. Canova and Sala (2009) show that this can originate at several layers of

the DSGE-to-criterion map: parameters may have little effect on the solution coefficients,

the selected shocks or variables may carry little information about particular mechanisms,

and the distance criterion may display ridges or low curvature. In rich models, different

frictions can therefore generate similar conditional dynamics, so many structural values

fit the reduced-form responses equally well while implying different ψ and hence different

welfare rankings.

Inference on θ is conducted through the moment conditions. Under weak identifica-

tion, regular normal approximations to GMM estimators can fail, but the scaled sample-

moment process still admits a Gaussian-process limit (Andrews and Mikusheva, 2022,

Sections 2.1–2.2). This limit experiment is the object through which we compare the

large-sample risk of decision rules. Under mild conditions, the sample-moment process

has a Gaussian limit regardless of whether the structural parameter is strongly or weakly

identified:

mT (·)⇝ Z(·), Z ∼ Pµ, (6)

where Pµ is the law of a Gaussian process with unknown mean function µ(·) and covariance

kernel Σ(·, ·). Following Andrews and Mikusheva (2022, Section 2.2), the covariance kernel

is treated as known in the limit experiment because it is consistently estimable.

Example (cont.). For the fixed-weight IRF criterion, the specialization of (6) is

a Gaussian shift process. The empirical IRF fluctuation contributes the Gaussian term

with covariance V , while local population discrepancies between γ0 and g(θ) contribute
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the mean function. Thus the limiting process has the form

ZIRF (θ) = µIRF (θ) +G, G ∼ N(0, V ),

with covariance kernel ΣIRF (θ1, θ2) = V .

We use the asymptotic representation theorem of Andrews and Mikusheva (2022,

Theorem 1) to work with this limit experiment. The theorem shows that the risk functions

attainable in the limit experiment lower-bound attainable asymptotic risk functions in the

original GMM experiment. Hence asymptotic optimality can be studied by solving the

decision problem in the limit experiment.

A decision rule in the limit experiment is a measurable map δG : Z → A, where Z
denotes the sample space of the Gaussian process Z. At a state θ∗ = (ψ∗, α∗) and mean

function µ satisfying µ(θ∗) = 0, it is evaluated by

EPµ [L(δG(Z), ψ∗)] . (7)

This is the large-sample analogue of the finite-sample risk in (2): the expectation is taken

over the limiting distribution of the sample-moment process, while the loss is evaluated

at the structural component that enters welfare.

Under strong identification, the limiting zero set contains a single structural value. The

risk in (7) is then evaluated at that point, and a rule that converges to the population

optimum a⋆(ψ0) attains the limit risk. This is the usual plug-in logic.

Under weak identification, the limiting zero set contains several structural values.

The object in (7) is then a risk function over those values: a rule that minimizes risk

at one value of ψ need not minimize it at another. There is therefore no uniformly best

decision rule in general. A decision criterion must specify how risks are ordered across the

structural values left in the limiting experiment; the next section supplies this ordering.

4 The Decision Problem in the Gaussian Limit

Choosing an operational rule under weak identification is therefore a problem of ranking

the Gaussian risk functions defined in (7). Since no rule is uniformly best in general, a

criterion is needed to order risk across the structural values left in the limiting experiment.

A rule δG dominates δ′G if its Gaussian risk is no larger at every θ ∈ Θ0, and strictly

smaller for some θ, and δG is admissible if no rule dominates it. An inadmissible rule is

uniformly weakly worse than some alternative and can be discarded without any stand

on how risk is weighted across states. Under weak identification, however, admissibility

can leave a large class of rules with different risk profiles over Θ0, so a complete ordering

is needed.
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To make this trade-off explicit, we follow Andrews and Mikusheva (2022) and adopt a

Bayes criterion. Let π be a prior on Θ0, which weights risks across the structural values in

the limiting experiment. For each realization z of the Gaussian process, the Bayes action

minimizes posterior expected loss,

δ⋆G(z) ∈ argmina∈A

∫
Θ0

L(a, ψ) dπ(θ | z). (8)

Bayes rules are useful here because they provide an admissible way to order risk

functions. Under the usual regularity conditions for Bayes decision problems, Bayes rules

with full-support priors are admissible in the limit experiment: they are not uniformly

dominated in Gaussian risk. Complete-class results can deliver converse statements under

additional conditions.

The plug-in rule is the degenerate case of this criterion. If the prior places point mass

on a single value θ0, posterior expected loss reduces to L(a, ψ0), and the rule chooses the

population optimum a⋆(ψ0).

Criteria that avoid prior weights need not resolve this choice. Minimax and minimax-

regret reduce each risk function to its worst value over Θ0. When several rules share the

same worst-case value, the criterion is silent among them. Moreover, a rule that minimizes

worst-case risk need not be admissible, so a minimax criterion may select a dominated

rule. The next section implements this Bayes criterion using the quasi-Bayes construction

of Andrews and Mikusheva (2022).

5 Quasi-Bayes Policy Choice

To implement the Bayes criterion, we need the posterior distribution over structural values

obtained by combining a prior with the observed moment process. In the Gaussian limit,

a candidate value θ is evaluated under the restriction that the mean function vanishes at

that value, µ(θ) = 0. The unrestricted part of the mean function is an infinite-dimensional

nuisance object. In the Gaussian limit experiment, the normalized moment process has a

consistently estimable covariance kernel. We place independent priors on the structural

parameter and the nuisance mean function, and use a proportional Gaussian-process prior

for the nuisance component. The diffuse-prior limit then yields a marginal likelihood

contribution for θ, up to terms absorbed into the prior, given by the quasi-likelihood

LQ(θ;Z) ∝ exp{−Q(θ)/2}, (9)

where Q(θ) = Z(θ)′Σ(θ, θ)−1Z(θ); determinant terms that do not depend on the realized

process are absorbed into the prior (Andrews and Mikusheva, 2022, equation (8)). This

is a quasi-likelihood because it treats the Gaussian approximation to the moment process
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as the basis for updating θ, rather than specifying a likelihood for the original sample XT .

The feasible quasi-Bayes procedure replaces the limiting objects Z and Σ by the nor-

malized sample moments mT and the estimated covariance Σ̂:

QT (θ) = mT (θ)
′Σ̂(θ)−1mT (θ), (10)

and the quasi-posterior

πQB(θ | XT ) =
exp{−QT (θ)/2} π(θ)∫

Θ
exp{−QT (u)/2} π(u) du

. (11)

This object is a quasi-posterior, not a Bayesian posterior, unless the GMM criterion

is itself a correctly specified likelihood (Chernozhukov and Hong, 2003). Under weak

identification its dependence on the prior is substantive: the criterion concentrates the

quasi-posterior along strongly identified directions, while weakly identified directions in-

herit prior mass. We therefore use a diffuse prior to avoid adding tight prior curvature

beyond the information in the moments.

The quasi-Bayes policy chooses the operational rule that minimizes posterior expected

loss:

δQB(XT ) ∈ argmina∈A

∫
Θ

L(a, ψ) πQB(θ | XT ) dθ, θ = (ψ, α). (12)

We write âQB = δQB(XT ) for the realized action. For each draw θ(m) = (ψ(m), α(m)) from

πQB(· | XT ), welfare is evaluated by holding ψ(m) fixed and replacing the sample policy

component α(m) with the candidate rule a.

The simple plug-in rule is âPI = a⋆(ψ̂), where θ̂ = (ψ̂, α̂). It is equivalent to replacing

(11) by a point mass at θ̂ = (ψ̂, α̂) and then evaluating welfare through ψ̂. It therefore

discards the weakly identified directions. Under strong identification the quasi-posterior

concentrates at ψ0, so âQB and âPI have the same asymptotic limit (Chernozhukov and

Hong, 2003); under weak identification (12) instead averages welfare over structural values

that the moments leave plausible.

The decision rule (12) is the feasible quasi-posterior version of the posterior-loss rule

(8). It uses the full parameter space and the sample criterion QT , rather than the un-

known identified set and the limiting Gaussian process. Andrews and Mikusheva (2022,

Theorem 5 and Corollary 1) show that this feasible construction has the same asymp-

totic decision content as the corresponding infeasible quasi-posterior rule in the Gaussian

weak-GMM limit. Hence the rule chosen from (12) is not an ad hoc averaging device: it

is the sample analogue of the Bayes rule in the weak-GMM limit.

Example (cont.). For impulse-response matching,

πQB(θ | XT ) ∝ exp

[
−T
2
{γ̂T − g(θ)}′V̂ −1{γ̂T − g(θ)}

]
π(θ). (13)
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Given draws from (13), the operational rule is computed by maximizing average welfare

over a ∈ A, by grid search or numerical optimization.

6 Empirical Application

We illustrate the quasi-Bayes operational policy in two complementary settings that share

the same machinery: a structural model is estimated by matching impulse responses, the

quasi-posterior (11) is sampled, and the operational rule (12) is computed on a grid and

compared with the plug-in rule. The two settings answer different questions. The first is

a controlled Monte-Carlo laboratory in the weakly identified design of Canova and Sala

(2009): because the truth is known, we can measure the welfare gain of the quasi-Bayes

rule, but the calibration is not meant as a literal policy prescription. The second is a

medium-scale New Keynesian model following Christiano et al. (2005) in its nominal and

real frictions, estimated on US data, where the truth is unknown and the question is

qualitative: how the quasi-Bayes rule departs from the plug-in rule when identification is

weak. Read together they make the controlled-to-real case: the mechanism is established

where it can be measured, then exhibited where it matters.

6.1 Monte-Carlo simulation

The design of Canova and Sala (2009) is a small New Keynesian model in which the struc-

tural slopes are weakly identified from impulse responses. Under i.i.d. shocks the model

reduces to a static system in the IS and NKPC slopes ψ = (ψ2, ψ4); the impulse responses

to the policy shock identify ψ through a Jacobian whose determinant is proportional to

the IS slope ψ2, so identification degrades as ψ2 → 0, at which point the NKPC slope ψ4

becomes unidentified. The data-generating values ψ0 = (ψ2, ψ4) = (−0.2, 0.5) lie in this

weakly identified region. Appendix A gives the model and its solution. The policymaker

chooses a contemporaneous Taylor rule a = (φπ, φy) under the dual-mandate loss

W (a, ψ) = −
[
Varψ(π; a) + λxVarψ(y; a) + λRVarψ(∆i; a)

]
, (14)

with λx = 1 and λR = 0.1, using the Rudebusch–Svensson quadratic dual-mandate loss

form with interest-rate smoothing (Rudebusch and Svensson, 1999). The last term pe-

nalizes instrument volatility. It prevents the controlled comparison from rewarding rules

that stabilize inflation and output only by generating sharp movements in the nominal

rate.

At the truth ψ0 the welfare-optimal rule is interior, a⋆(ψ0) = (0.50, 1.25), so the

comparison is not contaminated by a boundary; imposing a Taylor-principle floor φπ ≥ 1
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would exclude the truth-optimal rule and is therefore not imposed.1

We draw N = 200 samples of length T = 200, and for each sample compute the quasi-

Bayes and plug-in rules and their regret relative to the oracle a⋆(ψ0). Table 1 summarizes

the result: the quasi-Bayes rule eliminates one third of the plug-in’s expected regret and

improves on it in two thirds of samples. The gain is not an artifact of the dual-mandate

weight; a sweep over λx leaves it above one half even at the Woodford micro-founded value

λx = 0.1. It behaves as the theory predicts across sample sizes: under fixed-parameter

asymptotics it decays as the quasi-posterior concentrates (the strong-identification limit

of Section 5), whereas along a weak-identification sequence ψ2 = −c/
√
T it is flat and

does not vanish (Figure 1). The finite-sample distortion in the IRF estimate is common to

both procedures, so the comparison isolates the decision rule rather than the consistency

of the point estimator.

Table 1: Canova–Sala Monte Carlo (N = 200, T = 200), regret relative to the oracle rule
a⋆(ψ0) = (0.50, 1.25).

Quasi-Bayes share of plug-in regret eliminated 33.4%
Samples in which âQB beats âPI 67.5%
Samples in which the two rules disagree ≈ 81%

Figure 1: Quasi-Bayes regret reduction across sample sizes. Under fixed-parameter
asymptotics the advantage decays toward the strong-identification limit; along the weak-
identification (Pitman-drift) sequence it remains bounded away from zero.

6.2 A medium-scale New Keynesian model on US data

We estimate a medium-scale New Keynesian model following Christiano et al. (2005)

in its central nominal and real frictions: Calvo price and wage setting with indexation,

habit formation, investment adjustment costs, variable capital utilisation, and a working-

capital cost channel. The empirical implementation is not a replication of Christiano

1The design is static, so the determinacy denominator is positive for every admissible rule (Ap-
pendix A) and the floor has no equilibrium justification here. Imposing it nonetheless reverses the
ranking for T ≥ 200, which we report as a quantified caveat rather than suppress.
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et al. (2005): it is estimated by impulse-response matching to a recursively identified

monetary VAR on a reduced set of US observables over 1965:Q3–1995:Q3. The relative

IRF-matching information criterion of Hall et al. (2012) selects the matching horizon

H = 7. Table 2 reports the minimum-distance estimate θ̂ alongside the quasi-posterior

mean and standard deviation. The table and the marginal densities in Figure 2 show why

this is a useful real-data illustration of the decision problem. Some directions are tightly

disciplined by the monetary-shock responses: the price Calvo parameter, habit, and the

historical-rule smoothing coefficient have concentrated quasi-posterior marginals. Other

directions are not. The price mark-up is nearly flat over the maintained prior range, the

wage Calvo parameter and investment adjustment cost are pushed to their upper bounds

by the minimum-distance criterion, and the monetary-shock scale is at its lower bound.

The point estimate is therefore a poor summary of the structural uncertainty relevant

for policy. The quasi-Bayes calculation uses the full quasi-posterior distribution over

these structural values rather than selecting a rule at the single minimum-distance point.

Appendix B details the data, the VAR identification, the matching objective, horizon

selection, the sampler, and the policy grid.

Table 2: IRFME estimation of the medium-scale New Keynesian model, H = 7.

Parameter MD θ̂ QB mean QB std

λf (price mark-up) 2.75 3.00 1.15
ξp (Calvo price) 0.84 0.84 0.02
ξw (Calvo wage) 0.99† 0.95 0.04
b (habit) 0.80 0.80 0.03
κ (investment adj. cost) 20.0† 18.3 1.50
σa (utilisation) 0.03 0.09 0.10
σm (monetary shock s.d.) 0.01‡ 0.01 0.002
ρr (smoothing) 0.57 0.55 0.07

† at upper bound; ‡ at lower bound.

The policymaker chooses a backward-looking Taylor rule a = (φπ, φy, ρr) under the

same dual-mandate loss used in Section 6.1, equation (14), with λx = 1 and λR = 0.1.

This is a deliberately simple operational class, close to the Taylor-rule tradition: a system-

atic response to inflation and real activity, with possible interest-rate smoothing. Taylor’s

original rule corresponds to a long-run inflation response around 1.5 and an output re-

sponse around 0.5 (Taylor, 1993), while empirical reaction-function estimates commonly

include substantial interest-rate smoothing and distinguish pre- and post-Volcker inflation

responses (Clarida et al., 2000). The plug-in and quasi-Bayes rules selected on our grid

are

âPI = (1.50, 0.25, 0.90), âQB = (2.50, 0.50, 0.95). (15)

The plug-in rule is close to a conventional inertial Taylor rule. Its inflation coefficient is
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exactly the Taylor benchmark, its output coefficient is positive but lower than the original

Taylor value, and its smoothing coefficient is high. The quasi-Bayes rule is not obtained

by estimating different policy-rule coefficients from the data. The coefficients in a are

controls. What changes is the criterion used to choose the control: plug-in maximizes

welfare at θ̂, while quasi-Bayes maximizes welfare averaged over the quasi-posterior dis-

tribution of the structural parameters. Averaging over that distribution selects a rule with

a stronger inflation response, a Taylor-sized output response, and slightly more inertia.

This rule disagreement is the empirical object. The structural uncertainty in Figure 2

is concentrated in economically relevant frictions and scales rather than in the policy co-

efficients themselves. When those structural draws are carried through the model solution

and the welfare calculation, the ranking over candidate Taylor rules changes. Figure 3

shows the resulting policy surfaces. The plug-in surface is the welfare ranking at θ̂; the

quasi-Bayes surface is the quasi-posterior mean welfare ranking. Their optima lie at dif-

ferent locations in the rule space. The CEE application therefore illustrates the paper’s

decision problem in a medium-scale monetary model: the data do not identify all welfare-

relevant structural dimensions sharply, and the way one integrates over that uncertainty

affects the operational rule chosen from a familiar monetary policy class.
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Figure 2: Quasi-posterior marginal densities of the eight structural parameters (shaded),
with the minimum-distance estimate (dashed) and the quasi-posterior mean (solid). The
impulse responses discipline some directions, such as ξp, b and the historical-rule smooth-
ing coefficient ρr, but leave other directions weakly informed: λf is close to flat over the
prior range, ξw and κ are pushed to upper bounds by the point criterion, and σm sits at
its lower bound.
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Figure 3: Welfare over the policy grid, profiled over the smoothing coefficient ρr. Left:
quasi-Bayes posterior-mean welfare EQB[W ]; right: plug-in welfare W (θ̂). Markers: âQB

(star), âPI (square). The two criteria rank the same Taylor-rule grid differently and select
different operational rules.
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A The Monte-Carlo model

This appendix records the model used in Section 6.1, its solution under the data-generating

process, and its solution under the contemporaneous Taylor rule imposed in the policy

experiment.

A.1 Model and static reduction

The design follows Canova and Sala (2009). In deviations from steady state,

IS: yt = ψ1 Etyt+1 + ψ2 (it − Etπt+1) + e1t,

NKPC: πt = ψ3 Etπt+1 + ψ4 yt + e2t,

Policy: it = ψ5 Etπt+1 + e3t,

with shocks et = (e1t, e2t, e3t)
′ ∼ i.i.d.N (0,Σe), Σe = diag(σ2

1, σ
2
2, σ

2
3). The structural

block relevant for welfare is the pair of slopes ψ = (ψ2, ψ4) (the interest-rate semi-elasticity

of demand and the Phillips-curve slope); (ψ1, ψ3, ψ5) are forward-looking weights and ψ5

is the policy response to expected inflation.

Because the shocks are i.i.d., all conditional expectations of future variables are zero,

Etyt+1 = Etπt+1 = 0, and the system collapses to the static form

yt = ψ2 it + e1t,

πt = ψ4 yt + e2t,

it = e3t.

The reduction annihilates the forward-looking weights (ψ1, ψ3, ψ5): they drop out of the

solution, mirroring the Canova–Sala observation that such coefficients are not identified

from the model’s dynamics. In particular the systematic policy response ψ5 Etπt+1 van-

ishes, leaving it = e3t.

A.2 Solution under the DGP

With it = e3t, static reduction gives Yt = (yt, πt, it)
′ = cθ + A0et with

A0 =

 1 0 ψ2

ψ4 1 ψ2ψ4

0 0 1

 . (16)

This is the data-generating process (true values ψ2 = −0.2, ψ4 = 0.5). Estimation matches

the impulse responses to the policy shock e3t — the third column of A0 — using its output
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and inflation entries,

m(ψ) = σ3 (ψ2, ψ2ψ4)
′. (17)

The Jacobian of the matched moments is

∂m

∂ψ
= σ3

(
1 0

ψ4 ψ2

)
, det

(
∂m

∂ψ

)
= σ2

3 ψ2. (18)

Identification strength is therefore governed by the IS slope ψ2: as ψ2 → 0 the Jacobian

becomes singular and ψ4 is unidentified — a policy shock that does not reach output

(ψ2 = 0) leaves the responses uninformative about the Phillips-curve slope. The truth

ψ2 = −0.2 sits in this weakly identified region. Holding ψ2 fixed, the parameter is point-

identified and standard asymptotics apply (the quasi-Bayes advantage decays in T ); the

Pitman-drift sequence ψ2 = −c/
√
T instead keeps the design on the weak-identification

frontier, where the advantage does not vanish.

A.3 Solution under the imposed Taylor rule

A forward-looking rule is inert under the static reduction, so to study operational policy

we replace the policy equation by a contemporaneous Taylor rule

it = φππt + φyyt + e3t. (19)

Substituting the NKPC into (19) gives it = κ yt + φπe2t + e3t with κ ≡ φπψ4 + φy;

substituting this into the IS equation yields yt(1 − ψ2κ) = e1t + ψ2φπe2t + ψ2e3t. Back-

substitution gives Yt = cθ + Aθet with

Aθ =
1

D


1 ψ2φπ ψ2

ψ4 1− ψ2φy ψ2ψ4

κ φπ 1

 , D = 1− ψ2κ = 1− ψ2(φπψ4 + φy). (20)

Setting φπ = φy = 0 recovers A0 in (16). Since ψ2 < 0 and (φπ, φy) ≥ 0, the determinacy

denominator D = 1 + |ψ2|κ > 0 for every rule on the grid: the static design has a

unique stable solution everywhere, so no Taylor-principle restriction binds and the welfare-

optimal rule may have φπ < 1.
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A.4 Variances and welfare

With Σe = diag(σ2
1, σ

2
2, σ

2
3) the contemporaneous covariance is ΣY = AθΣeA

′
θ, so

Var(y) = 1
D2

[
σ2
1 + ψ2

2φ
2
πσ

2
2 + ψ2

2σ
2
3

]
, (21)

Var(π) = 1
D2

[
ψ2
4σ

2
1 + (1− ψ2φy)

2σ2
2 + ψ2

2ψ
2
4σ

2
3

]
, (22)

Var(i) = 1
D2

[
κ2σ2

1 + φ2
πσ

2
2 + σ2

3

]
, (23)

and, the process being i.i.d., Var(∆it) = 2 Var(it). The welfare criterion (14) is evaluated

from these closed forms.

B The medium-scale New Keynesian application

This appendix details the data, estimator, sampler, and policy experiment behind Sec-

tion 6.2.

B.1 Data and VAR identification

We match the impulse responses of a reduced-form VAR on eight US quarterly series over

1965:Q3–1995:Q3: real GDP, real consumption, the GDP deflator, real investment, the

real wage, labour productivity, the federal funds rate, and M2 growth.2 The monetary

policy shock is identified by a recursive (Cholesky) ordering with the funds rate seventh,

so that it is orthogonal to the contemporaneous responses of the real block and the price

level. M2 enters the VAR for identification only and is not a matching target; the matched

responses are those of the first seven variables to the funds-rate shock.

B.2 Structural model and matching objective

The structural model is a medium-scale New Keynesian model following Christiano et al.

(2005) in its main frictions: Calvo price and wage setting with indexation to lagged

inflation, habit formation, investment adjustment costs, variable capital utilisation, and

a working-capital cost channel, closed by an interest-rate rule. The sample-policy rule is

part of the estimated environment, but the counterfactual policy experiment replaces its

rule coefficients with the candidate action a. Eight parameters are estimated,

θ = (λf , ξp, ξw, b, κ, σa, σm, ρr), (24)

(price mark-up, Calvo price and wage stickiness, habit, investment adjustment cost, util-

isation cost, monetary-shock standard deviation, and rule smoothing); the remaining pa-

2This drops real profits and the S&P 500 from the original ten-variable system in Christiano et al.
(2005).
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rameters are calibrated as in Christiano et al. (2005). Let γ̂T stack the empirical responses

of the seven matched variables to the monetary shock at horizons j = 0, . . . , H − 1, and

γ(θ) the model counterparts. The minimum-distance estimator θ̂ minimizes

QT (θ) =
[
γ̂T − γ(θ)

]′
Ŵ
[
γ̂T − γ(θ)

]
, (25)

with a diagonal weight Ŵ = diag(1/ŝe 2j ) from a residual bootstrap (Hall et al., 2012).

Moments that the recursive ordering fixes at zero (the impact responses of the slow block)

receive zero weight automatically.

B.3 Horizon selection

The matching horizon is chosen by the relative IRF-matching information criterion of

Hall et al. (2012) (RIRSC), which selects H = 7 in the baseline empirical application.

B.4 Quasi-Bayes sampler and priors

Priors are uniform on λf ∈ [1.001, 5], ξp, ξw, b, ρr ∈ [0.01, 0.99], κ ∈ [0.01, 20], σa ∈
[0.001, 2], σm ∈ [0.01, 5], so the quasi-posterior

πQB(θ | XT ) ∝ exp{−1
2
QT (θ)} π(θ) (26)

is proportional to exp{−1
2
QT (θ)}. We draw from it with a slice sampler (Neal, 2003),

keeping 5,000 draws after 1,000 burn-in. For the policy step we thin to 500 draws. We

first discard draws that fail the Blanchard–Kahn conditions at a small set of baseline

Taylor-rule checks; in the welfare loop, unstable rule–draw combinations are recorded

as missing. All 500 thinned draws pass the baseline filter in the reported run, and the

baseline full-shock plug-in and quasi-Bayes rules are stable for all retained draws.

B.5 Policy experiment

The operational rule is the backward-looking Taylor rule

it = ρr it−1 + (1− ρr)
(
φππt−1 + φyyt−1

)
, (27)

evaluated on a 16×6×7 grid spanning φπ ∈ [0.5, 8], φy ∈ [−0.5, 1.5], and ρr ∈ [0, 0.99], for

672 rules. The grid is deliberately wider than the textbook range. For each rule and each

draw, the unconditional variances entering W (a, ψ) = −[Var(π) + Var(y) + 0.1Var(∆i)]

are computed from the model’s state-space solution. The baseline welfare calculation

uses the full model shock covariance matrix, including the calibrated auxiliary shocks

needed to close the medium-scale model. Since the IRF-matching step identifies the
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model from the monetary-policy shock response, we also compute a monetary-shock-only

welfare robustness check. Under this check the rule disagreement survives but becomes

weak: âQB = (3.00, 1.50, 0.00) and âPI = (2.50, 1.50, 0.00), with a 0.21% posterior-mean

welfare gain and 50.1% draw-level dominance. These rules are finite for 99.8% and 99.4%

of retained draws, respectively, and the strict all-draw finite ranking gives a nearby quasi-

Bayes rule. This is why the CEE exercise is interpreted qualitatively. The interest-rate-

change term is the dynamic first difference variance, Var(∆it) = 2Var(it)−2Cov(it, it−1),

not the static simplification used in Appendix A.4. The quasi-Bayes rule maximizes the

quasi-posterior mean 1
M

∑
mW (a, θ(m)) over draws; the plug-in rule maximizes W (a, θ̂).
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