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Abstract
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S6: Additional results for the empirical study
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SO0 OPP implementation

Section 5 in the main text sketches how to estimate the sufficient statistics in practice, and
then how to implement the OPP policy evaluation framework. This section provides more
details on the construction of the two sufficient statistics and the OPP.

We will pay particular attention to the forecast construction step, which depends on the
specific perspective and the question at hand. In the main text, we took the perspective
that (¢°,¢)) was the policy maker’s choice and E;PY was known. Here we discuss other
settings that can be of interest. The organization is the same as in the main text; we discuss
forecasting, impulse response estimation, uncertainty assessment and OPP construction. In
addition, we will explicitly discuss how to apply the OPP for policy recommendation (or

improvement).

S0.1 Constructing the baseline forecasts

We start with providing more details on how to construct approximation of E;Y? and E,P?:
the expected paths implied by the baseline policy (¢°; €?). These oracle forecasts are defined
=

in Lemma 1 in terms of S; = (X’ ,,E})’, which includes the initial conditions X _, and the

non-policy news shocks E;, and the policy news shocks €. Restated for convenience:

EtY? = ngt + Rgeg

S1
EP) = IUS,+RUel (5D

We will distinguish between three cases: (i) the researcher can directly download both
E,PY and E,Y? (ii) E,P? is known but E,Y? must be approximated or (iii) both E,PY and
E;Y? need to be approximated.

S0.1.1 Downloading forecasts

The simplest yet not always feasible way in which a researcher can obtain a baseline forecast
is to use the forecasts that are provided by the policy maker. Indeed, several macro policy
makers make their forecasts for the policy objectives publicly available and these can then be
directly used to compute the OPP and evaluate/improve the expected policy path E,P? of the
policy maker. For instance, in our empirical work we use the inflation and unemployment
forecasts of the Fed to evaluate the Fed’s monetary policy decisions. Alternatively, the
researcher could use professional forecasts, such as those from the Survey of Professional
Forecasters (SPF) or the Blue Chip forecasts.



S0.1.2 Approximating E,Y? with given E;P)

In the case where the evaluation of policy is done by the policy maker, or the policy maker’s
staff, we can consider that the expected path E,P? is known. This is the case that we
discussed in the main text.

Since the state S; is generally not observable, we denote by Z; a (possibly large) vector
of observable variables that can be used to approximate S;. The best linear prediction for

Y? in terms of E,PY and Z; can be recovered from

Y? =B%.Z, + Bl EP! + UV, (S2)

where the maps B, and ng include the best linear prediction coefficients and the error UY

e
is orthogonal to (Z;, E,P?) by construction.

The model contains an equation for each vector of objectives y;1p, for h = 0,1,.... In
practice, the forecast will be truncated at some maximum horizon H and some in sample
period will be used to estimate the coefficients. This implies that the forecasting model that

we consider in practice is given by
0 0, 0, 0 —
Y, oin= Byths + ByptEsPs:erH +UY u for s=ty,...,t, (S3)

where we have truncated the paths at horizon H, so that YU .y = (v, Y115+ Yssn)

Based on some prior sampling period —over which the policy rule ¢° was implemented—

0t
yz

(e.g. VAR, DFM, DSGE, etc) and they can be estimated using standard regression methods,
possibly allowing for shrinkage and penalization to improve the model fit. The estimated

0, 0t
,: and By

we can estimate the model parameters B’ and ng. These parameters can be structured

model parameters are denoted by B

The resulting forecasts for time period ¢ are given by
v 0 0, "0, 0
Yt:t—i—H = Byztzt + By;f]EtPt:t—&-H ) (84)
and the model uncertainty error is given by
V0 0
Ugt+H - Yt:t+H - Eth:t+H .

Combining (S1) and (S4) we see that the difference between the oracle forecast and the
forecast of the policy maker comes from (i) imperfectly measuring S; and (ii) estimating the

parameters.

Example S1 (Dynamic factor model). Let X denote a large panel of disaggregated macroe-

conomic and financial time series for time period s, with s < t. Following Stock and Watson



(2002b), and many others, we can approximate the information in the high dimensional

vector X by a small number of common factors.
Xs = Afs + Cs )

where the dimension of the common factors f, is typically small. The factors can be recovered
by principal components (e.g. Bai and Ng, 2002; Stock and Watson, 2002a) or by state space
methods (e.g. Durbin and Koopman, 2012). With the estimated common factors in hand we
can set Ly = fs and estimate the regression coefficients in (S3) and construct the forecast

(S4).

Example S2 (Vector Autoregressive model). Another popular way of constructing forecasts
18 by using vector autoregressive models, most notably large scale Bayesian VARs have shown
good forecasting performance in macro settings (e.g. Banbura, Giannone and Reichlin, 2010).
In our context, we can consider such models as well by setting Xy = (y¥ , E,PY 1, w?),

where y° are the policy objectives at time s, ESPS:HH 18 the expected policy path at time s

and w? include other possible predictors. The VAR is then given by
Xe=®, X 1+...+P®, X, + 7 . (SH)

An important difference with a standard VAR is that we jointly model the entire path E,PY,
together with the other observable variables. This s important as we want to allow the ex-
pected policy path, say E,p° 1y to influence observations prior to s + h directly.

To make this clear, consider a standard VAR, where the VAR consists of X5 = (v, P, w’)’
and to construct a forecast at time t we feed in the expected path EP9 = Et(pgl,p‘t)jrl L)t
Since the standard VAR does not allow the expected future policy path Eyp? '+, to affect con-
temporaneous values, it can only fit the expected path ByPY by introducing future shocks in
the forecast, and thus cannot provide a valid approzimation for E,Y?.

Based on (S5) we can iterate the VAR forward to obtain expressions for y2,y% ... ..
These can be stacked to obtain a representation like (S3). Moreover, based on (Sh) we can
estimate the model parameters using OLS or more advanced shrinkage methods to ultimately

compute the forecast (S4).

S0.1.3 Approximating E,Y? and E,P?

When neither E,Y? nor E,P} is available, we can follow the same recipe as in the main text,

with the distinction that we need to use the observable variables Z; to also infer the expected

In the VAR literature this route is often referred to as conditional forecasting, see Waggoner and Zha
(1999) and Banbura, Giannone and Lenza (2015) for details.



policy path E,P?. The consequences of not knowing the expected policy path need to be
taken into account. Specifically, policy evaluation here implies evaluating the policy that is
currently implemented, as inferred by the researcher.

Starting from (S1) the researcher seeks variables Z; that best span S; —the state of the
economy— and €? —the policy news shocks. For any given approximating vector Z; we can

write the forecasting models for approximating E,PY and E,P? as
P{=B).Z,+U/ ad Y=B)Z+U}, (S6)

where the coefficients Bgz and Bgz are the best linear prediction coefficients that explain P?
and Y? in terms of Z;. The error terms include the future errors as well as the approximation
errors from not knowing the exact state of the economy and the policy news shocks.

It is instructive to compare (S6) to the forecasting model used when E;P? known, i.e.
equation (S2). The only difference is that E,PY is now omitted and the researcher will end
up evaluating the inferred E,P? based on the model for PY in (S6).

In practice, the forecast will be truncated and some in sample period will be used to
estimate the coefficients. This implies that the forecasting models that we consider in practice

are given by
P2:5+H = ngztzs + U§:5+H a’nd Yg:s—i—H = ngzs + UZ:5+H . (87)

Based on some prior sampling period, least squares methods can be used to estimate the

0,t

»y and Bgﬁ. The estimated model parameters are denoted by Bg’zt and

model parameters B
0.t
B,
The resulting forecasts for time period ¢ are given by
Plin = Bg’ztzt and Yiin = ngzt ; (S8)
and the model uncertainty errors are given by

P _ o 0 Y _ Vo 0
Ut:tJrH =Py —EPipy and ut:t+H =Yoon —EYon

The dynamic factor and VAR examples above apply easily to this setting.

S0.2 Impulse response estimation

To estimate R? we can rely on the large macro-econometric literature that discusses the

estimation of impulse responses to policy shocks. Starting from Lemma 1 we add and



subtract the realized series from E,Y? and E;P?, to get
Y =R €, +VYy and PY=R0 e, +VE,, (59)

where Y9 = (v, y%.,,...) and PY = (¥, pY.,,...)" are the observed policy objectives and
policy instruments, which pertain to the policy regime ¢°. The error terms Vi, and V|,
include all other time ¢ structural shocks €,., and Z, the initial conditions X_; and the
future shocks Y? — E,YY or PY — E,P?, respectively. By construction these errors are
orthogonal to the identifiable policy news shocks €, ;.

Equations (S9) can be viewed as local projections (Jorda, 2005) after realizing that
€, are time ¢ measurable news shocks. In practice, we only estimate local projections
up to some finite horizon H. The implicit assumption being that the impulse responses are
7%?4;17 e :yng)/

DYr, . pY ). Since, the error terms of the local projections in (S9)

/

indistinguishable from zero after this horizon.? Specifically, let Y7, ;5 = (!
and Pl?:t-‘rH = (p?/
depend on the same underlying shocks they are correlated and we will estimate them jointly.

0 — 0’ 0’ / :
Let Vo g = (Yiupn, Piyy)' and consider
0 0
Vv = Ry y€ar + Vaprn

where R, ;; stacks the corresponding blocks of R}, and R{ ,. Note that €, is the subset
of policy news shocks that can be identified and we assume that its finite dimensional with
dimension K,.

In general, to estimate RY, we will assume that we have available the some prior sampling
period over which the rule ¢° was implemented. Let n denote the number of time periods.
Ideally, we should not use observations past time period t to accurately reflect the information
available at time ¢. That said, in practice it may be necessary to let go of this requirement
as otherwise new policies cannot be evaluated in hindsight. Yet we stress that in such cases
one must acknowledge that the policy maker at time ¢ could not have computed the causal
effect of the possible policy action.

Finally, in practice the policy news shocks are not observed directly, but some identifying
strategy is required. Prominent examples include using zero-, long-run, or inequality restric-
tions (e.g. Sims, 1980; Blanchard and Quah, 1989; Faust, 1998; Uhlig, 2005), or by using
past exogenous variations as instrumental variables (e.g. Mertens and Ravn, 2013; Stock and
Watson, 2018), see Ramey (2016) for a detailed review. It is important to stress that our
sufficient statistics approach can be implemented using any of these methods. In addition,

it can be attractive to impose some smoothness restrictions on the local projections, either

2 Alternatively, it could be that the loss function only places weight on the objectives corresponding to
the first H periods.



directly as in Barnichon and Brownlees (2018), or by rewriting the LP in its vector autore-
gressive form (e.g. Plagborg-Mgller and Wolf, 2021). See Li, Plagborg-Mller and Wolf (2022)
for a recent comparison of impulse response estimation methods.

Regardless of the specific approach chosen it is important to stress that each approach
will require specifying a specific reduced form model, i.e. control variables, lag lengths, and
so on need to be specified. In addition, regularity conditions in the form of specific moment
and dependence conditions are needed to ensure that the distribution of the estimators can

be approximated reliably. Finally, the identification assumptions need to hold.

S0.3 Uncertainty assessment

To approximate the distribution of the OPP statistic and the adjustment we need to approx-
imate the distribution of the impulse response estimates 4% = R% —R? and the distribution
of model uncertainty: ¢ = E,Y?—Y? and possibly 4? = E,P? —P?. Recall that model mis-
specification arises from not being able to perfectly approximate the state of the economy
and parameter estimation uncertainty:.

For convenience we distinguish between two scenarios. First, consider the case where we
use a single reduced form model to construct both the impulse responses and the forecasts.
In this case conventional asymptotic theory or Bayesian methods can be used to obtain an
estimate of the joint distribution of (U, UY,U’). We denote the approximated distribution
by .

Second, consider the case where we compute subset OPPs using external forecasts, such
as those obtained from the policy maker, or from other external sources. In such cases we
will typically have to make the additional assumption that 2% is independent of (U4, U?)
as we will not have any method for recovering the joint distribution. The distribution of the
impulse response estimates can be obtained using standard methods. For the distribution
of model uncertainty, it is sometimes also provided along with the published point forecasts.
Alternatively, we can approximate it with the distribution of the historical forecast errors
{Y9— Y9 P9 — PO}, over some prior sampling period, along with a normality assump-

tion. That said, this approach will give an upper-bound of the variance of model uncertainty.?

S0.4 Constructing OPPs

After obtaining the approximating distribution of the dynamic causal effects and the oracle

forecasts, we can compute the distribution of any of the OPP statistics using simulation

3The variance of the forecast errors will upper-bound the variance of model uncertainty, because forecast
errors mix two sources of uncertainty: (i) model uncertainty and (ii) future uncertainty.



methods for a given preference matrix W. Specifically, we simulate dynamic causal effects

and forecast misspecification errors from F' and compute
J o (i i\ 1lpd el
at = —(RLWRI,) R, WY

where R}, = 732731 + Uo7 and YI = YO +UY with U/ ~ F. Similarly for the constrained
subset OPP statistic we compute for each draw
Z% = argmin (?g + ﬁﬁ’yé‘a,t)’W(?g + ﬁiyda,t)
6a,t

st O(Y] + R 000 Pl +RI800) >, (S10)

where f’i = f’? +UP7. Note that in the case where E,PY is known we replace f’{ by the
known path E;P?.
For each statistic we sample for a large number of draws j = 1,...,Sy, and report the

average statistics and the confidence interval for some « € (0, 1). For instance for the subset
OPP we have

~

Sq
1 j as, 1-a)S
6a,t S_d ; 6ZL,t and (sc(z,t d)7 5((1$t 54) ) (Sll>

where 5,(1’;) denotes the (element wise) kth largest draw of {65}/, j=1,...,5:}. The same
can be done for the constrained subset statistic. We will conclude that a policy E,P? is not
optimal whenever the confidence bands of §;, or 5% exclude zero at any desired level of
confidence.

With the distribution of the subset OPP in hand, we can use simulation to compute
the distribution of the best adjustment to policy path, and compute the distribution of
E.P} + R} 0.+ and the associated paths of policy objectives (E,Y} + Rj ,0q.).

S0.5 OPP implementation for policy recommendation

An important property of the OPP and its variants is the ability to improve a non-optimal
policy decision. Going forward, a policy maker could be interested in using this property
to set policy with the OPP approach. Specifically, a policy maker could be interested in
repeatedly (i.e., at each decision point) implementing OPP policy recommendations; i.e., in
systematically using the OPP approach to set policy with minimal structural assumptions.
Given the ubiquity of heuristics in macro decision making, this approach could be appealing
to policy makers.

In this section, we discuss how one could operationalize such OPP-based decision making.

Consider a policy maker who initially followed the rule ¢, over some sample period and then



decide to add the OPP evaluation/improvement step to her decision making process. Since
the OPP adjustment changes the policy rule (eq. (26) in the main text), the policy maker
will see a change a change in her rule, to say ¢;. To use the OPP repeatedly over time,
it is important to keep the two sufficient statistics (the forecast and the impulse response)
under the same rule. With impulse responses estimated under ¢q, the baseline scenario
must remain under the old rule ¢y. Thus, the OPP can be used systematically, provided
that one continues to construct forecasts based on the “old” rule ¢y, and that the OPP
recommendation are based on these forecasts.* The forecasts under ¢° can be constructed
as discussed in section S0.1.

While it may seem surprising to construct forecasts based on an “outdated” rule, recall
that the baseline policy need not be a policy to be evaluated or even implemented. The
baseline policy can also be used as a tool to compute the optimal/improved policy path,
where the baseline forecast serves to capture the characteristics of the time ¢ problem. See

our discussion on econometric-based optimal policy in the main text.

S1 Example: NK model with commitment

In this section we present the details for our sufficient statistics approach when applied to
the optimal policy problem under commitment in the baseline New Keynesian model (e.g.
Gali, 2015, Section 5.1.2). This extends the simple example of Section 2 for the case where
the policy maker cares about future inflation and output deviations. The set-up can be
regarded as a special case of our general framework.

The optimal policy problem under commitment is characterized by a policy maker that

alms to minimize

1 oo
Ly = §E025t(7rt2 + 1’?) )
t=0
with respect to m, 141, ... and zy, 2411, ... and subject to the constraints

Ty = B]Etﬂ't_l,_l + KTy + St 5
= Eywpq — ;(it - Etﬂtﬂ) )
where [ is the discount factor. Note that we can view this example as case a special case of

our general policy problem (15) when taking E,; as Eo, i.e. starting at t = 0. Clearly this is

just an arbitrary normalization, i.e. the same would be achieved when starting from E,(-)

4A policy maker operationalizing OPP recommendations will switch from following rule ¢q to rule ¢.
In the class of linear models considered, this information is common knowledge. Studying the problem of
learning (e.g., Bullard and Mitra, 2002) the new policy rule, and more generally extending the sufficient
statistics approach to incorporate learning, is an interesting avenue for future research.



and indexing the objectives by s for s =t,t 4+ 1,....

The optimality conditions for this problem are given by
To = —KTy and Ty =T4_1 — KT, Vi=12,..., (S12)

or
l’t:—fif)t Vt:0,1,2,...,

where p; = p; —p_1 denotes the (log) deviation between the price level and an implicit target
given by the price level prevailing one period before the central bank chooses its optimal plan
(Gali, 2015, page 135).

A possible interest rate rule that (a) implements this optimal allocation and (b) leads to

a unique equilibrium is given by

i = [+ (1= 6)(1 — ko) 3 86s — (By/R)a,

for any ¢, > 0 (Gali, 2015, page 138). Note that this instrument rule is a special case of the
generic policy rule (18). The coefficients in the rule are given by

5 1—/1— 48a2 1

ith _
2a/3 ’ W =17 B+ K2

The forecasts under the optimal allocation can be written as
E()TFO = 550 E()ZEO = —&5{0 Egﬂ't = ((5t+1 - (5t)€0 Eg[[’t = —Ii(st—i_lfo (S]_S)

for t > 1 (Gali, 2015, page 136).

Next, we rewrite this example in our general notation. Let Y, = (mo, zo, 71,21, ...),
Py = (io,i1,-..), Eo = (&,&1,...) and denote by €y = (g, €1,...)" the sequence of policy
news shocks, which are equal to zero under the optimal rule (note that W, does not exist in

this application). The loss function can be written as

1
;Ct — §E0Y/0WY0

where W = diag((8°, 81, ...)’ ® (1,1)’). The general model (16)-(18) becomes

Ayy]EOYO - Ayp]E()PO = Bygao
]E()PO - Apy]EOYO = Bngo + €9

10



where the coefficient maps are given by

0 0 0
(1 -k =B 0 ] /o 0 0
0 1 —1/o —1 0 0 0
Ay=10 0 1 -k -8 Ap=| 0 1o 0
0 0 0 1 —1/o O 0 0
I : | 0 0 1/o
0 ¢p/c 0 0 ...
0 0 ¢,/ 0
=10 0 0 0 o0 b,/ K
and ) )
1 0 0
00 O .
01 0 %o 09
By — 00 0 By — o % 0
00 1 Y271 Yo
00 O J
where v; = —[¢, + (1 — 6)(1 — ko)]d?. It follows that R,, after some tedious manipulations,

can be written —under the optimal policy rule— as

where v = 1—¢,/(r/0). Note that we only show the first two columns for ease of exposition.

Given R, and the forecasts (S13) we can verify the equivalence condition, similar as shown

k/(ov) K?/(c*0?) + k/ov? + K/ (ov)
/(

1/(ov)

0
0
0

k/(0%v?) + 1/(ov?)

k/(ov)
1/(ov)
0

11




in equation (10) for the problem under discretion we have

9Lo(do) ,
—350 oo =R,WE;Y,
k/(0v) K2/ (0%0?) + K Jov® + K)(ov) ... ]| 8¢ o
1/(ov) k/(0?v?) + 1/(ov?) o —kK0&p
B 0 k/(ov) . B(6% = 6)&o B
B 0 1/(ov) —Brd*E B
0 0 :

This mechanically shows that R, WEqY, = 0 must also hold under optimality when consid-
ering the NK optimal policy problem under commitment.

In addition, note that as in the case under discretion, the impulse response matrix R,
is sufficient to characterize the optimal targeting rule. Working under perfect foresight, the

condition R, WY, = 0 corresponds exactly to the optimal targeting rule (S12).

S2 General nonlinear OPP framework

So far we have developed our sufficient statistics approach for policy evaluation in the context
of linear models that can be written as in (16). In this section we explore for which other
classes of models the statistics R? and E,Y? are sufficient to evaluate, and possibly improve,
policy decisions. Key examples that we consider are models with state dependence (e.g.
Auerbach and Gorodnichenko, 2013) and models with multiple policy regimes (e.g. Sims
and Zha, 2006).

Recall that the properties of the OPP derive from the equivalence (i.e. Proposition 1)

E.P* = E,PY — Vs, Li(8:)5,_0 = RUWE YY) =0 ,, (S14)

which we have shown to hold for linear models of the generic form (16).

Here we first provide a high level framework that exactly spells out the necessary condi-
tions on the underlying economy that ensure that our sufficient statistics approach for policy
evaluation applies.

After this we will make two specific points which are useful to place the OPP approach
in the literature. First, as long as the model is linear conditional on time-¢ predetermined
variables, the equivalence continues to hold and all our previous results hold. This case

notably includes models of state dependent policy effects that are often considered in the

12



empirical literature (e.g. Auerbach and Gorodnichenko, 2013). Second, in a model with
multiple regimes conditioned by the policy rule (e.g. Sims and Zha, 2006) as long as the
economy can only be in a finite number of regimes, the equivalence no longer holds, but
a non-zero gradient still implies that the proposed policy choice is non-optimal. In other
words, the two statistics R? and E,Y? are still sufficient to evaluate a policy decision, but
adjusting the policy choice with the OPP is no longer guaranteed to yield a superior policy

decision.

B1: Generic nonlinear OPP

Consider an economy that can be represented at time ¢ by the moment equations

{ 0 = Etf(Yt>Pt7X—taatv;¢) (815)

0 = Et¢(Yt7 Pt7 X—t7 Et)

where f() and ¢() are possibly nonlinear functions. The function f() describes the general
economy and takes as inputs the policy variables Y, the policy instruments P;, the initial
conditions X_; and the structural shocks E;. The policy equation is characterized by ¢,
which takes similar inputs. A key difference with the set up in the main text is that we allow
f to depend directly on the policy rule ¢. This generalization directly corresponds to the
generic set-up in Lucas (1976), see equations 16 and 17 in his paper, which allows the policy
rule to alter the function f() in an arbitrary way.

The optimal allocation, for the loss function £; = E, Y, VY, in this economy is charac-
terized by

Juin Ly s.t. (S15)

where the difference is that the optimal allocation now also depends on ¢, the choice for the
policy rule that may affect the structure in the economy. The optimal expected policy path
is again denoted by E,P".

To build up to our sufficient statistics approach consider a policy maker who can introduce
exogenous surprises in the policy rule ¢. As before we denote such policy shocks by €; and
we postulate that each element of P; corresponds to a specific element in €,. The economy

becomes

{ 0 — Etf(Yt7Pt,X7t;Et7;¢> (Sl6>

0 = Et¢(Yt,PtaX—t>Et>€t)

In this setting a policy choice is determined by the function ¢ € ®, where ® denotes an
arbitrary function class and a sequence of policy shocks €;. Let the proposed policy choice
be denoted by (¢°,€?), which implicitly characterizes the expected policy path P;° and

allocation E,Y?.

13



The following high-level assumption exactly determines the class of models for which our

sufficient statistics approach continues to work.
Assumption S1. There exists a non-empty subset ®°P* C & such that

1. for all ¢ € ®°P* and ¢ = ¢° we have a unique and determinate equilibrium given by

]Eth = hy(X—taataet;¢)
EP, = hp(XﬂhEt;et;(b)

where hy() is continuously differentiable with respect to all €, € £, where £ is an open

convex subset of R>.
2. Li(6,0) < Li(h, &) for all ¢ € P, ¢ € D\ D and & € .

The first part of the assumption imposes the existence of a unique equilibrium under
the optimal policy rules ¢°P' and the proposed policy rule ¢°. The second part defines the
optimal rules as those that minimize the loss function. The key part in the assumption is
that the loss function is minimized by ¢°P* with €, = 0. That is, under the optimal rule it is
not possible to further lower the loss function by introducing exogenous policy news shocks.

For nonlinear models like (S15) this assumption would need to be verified on a case by
case basis. To better understand Assumption S1, it is helpful to consider our baseline (linear)
framework and discuss how AssumptionS1 is satisfied in this simpler case.

First, for the first part of Assumption S1, note that Assumption 2 in the main text
ensures that a unique equilibrium exists under ¢°. In addition, Assumption S1 also require
that a unique equilibrium exists under ¢°P*. The reason is that we need to ensure that the
gradient of Y, with respect to €; exists under the optimal policy. In the linear model this
is not necessary as the optimal policy allocation does not depend on ¢, see equation (17).
With f(-) depending on ¢ however, this is no longer the case and the optimal policy does
depend on ¢. In that case, we also need a “well-behaved” optimal rule, i.e., that ¢°P* implies
a unique equilibrium. The second part of Assumption S1 holds in our linear framework as
the optimal allocation EtP?pt does not depend on €; and can be attained by a rule of form
(18). For instance, we may take Ay, = Ay = By = By = 0 and A, = R*W, to obtain
the optimal targeting rule ROIW]E,:Y? = 0.

With assumption S1 in hand we can proceed with our policy evaluation, similar as in the
main text we are interested in evaluating whether ]EtP? = E,P;? . As a test statistic we rely

on the generalized OPP statistic given by

87" = —(R) WR)) RIWEY,”

14



where _
o0 Iy(X 0 Er€50)
Y aEt

=90, e1=€}

Two comments are in order. First, note that for the linear model considered in the main
text we have hy, (X_y, By, €;¢°) = Rje; +1')S;, see Lemma 1, such that we immediately have
9{2 = Rg. Second, we do not claim that 9‘%2 can generally be estimated using conventional
econometric methods. Clearly, when the function h,() is unknown this is complicated as
non-parametric methods will need to be used, which given the typically limited time series
observations available may yield uninformative causal effects. The point here is simply to
illustrate the theoretical limit of our approach.

We have the following key result.

Theorem S1. Given model (S16) under assumption S1 if 8]" exists we have that
0 #£0 = E.P? +# E,P .

Proof. By Assumption S1 part 1, the loss function £; is continuously differentiable on
£, thus by Lemma 4.3.1 in Dennis and Schnabel (1996) and Assumption S1 the optimal
policy EP{*" = h,(X_;, B, 0;¢%") for any ¢°P' € ®°P' satisfies the gradient condition
Ve Lil y—gort e,o = 0. Hence, if E;P} is optimal we must have that VL] b0 i) =
%SIW]EtY? =0, with E, Y} = hy(X_;, By, €); ¢") , which if 8] exists implies that 6" must
satisfy 67" # 0 if E,P) # E,P{®. The existence of 67* depends on whether the inverse of

ROWRO exists, which can be verified for any given model. O

The key purpose for stating Theorem S1 is twofold. First, the key underlying Assumption
(S1) characterizes the class of models for which our sufficient statistics approach can be used
for policy evaluation. Second, Theorem S1 is useful for characterizing optimal policy in
complicated possibly nonlinear models. Indeed while the traditional approach to optimal
policy — as documented in Section 2 for the baseline NK model — may become complex
for nonlinear models, the gradient based approach underlying Theorem S1 may provide a
workable necessary condition for optimal policy. That is determining 67" # 0 may be easier
then solving the model and computing the optimal policy.

Next, we discuss the details for the specific examples — state dependence and multiple

regimes — as mentioned in the main text.

B1: State dependence

Numerous works have documented evidence for various forms of state dependence in the

effects of fiscal and monetary policy, where the state dependence is governed by some time-
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5 Qur main results

t pre-determined variable that is independent of the policy decision.
continue to hold in this setting, and the two statistics RY and E,Y? are sufficient to detect
and correct non-optimal policy decisions. The only difference is that the statistic R" needs
to be conditioned on the state of the economy.

As an illustration, consider the specification of Auerbach and Gorodnichenko (2013)
where the economy can be in two states, depending on the value of some state variable
2. Under such state dependence the generic model for the economy remains conditionally

linear, i.e.

Ayy(Zt)Eth - Ayw(Zt)EtWt - Ayp<zt)]EtPt = Byz(Zt)X—t + By§<zt>5t
Aww<zt)EtWt - Awy(zt)Eth - Awp<zt)EtPt

I
&
8
9
s
+
£
9
[0

where z; is some predetermined time-t measurable variable and for D = A, B

D (%) = F(z)D.q)+ (1 — F(2))D..2)

where F'(z;) can be interpreted as a measure of probability of being in state 1 at time ¢ based
on some time ¢ predetermined variable z,.%

The optimal state dependent policy E,P{*(z) can be defined as the solution for P, to

v L, s.t. (S17) . (S18)

The generic policy rule is given by
App<zt>]EtPt — Apy(Zt)Eth — pr(Zt)]EtWt == Bpx(zt)X_t + Bpf(zt)Et s

where the definition for the maps A..(2;) and B..(2;) is the same a above. We collect all the
coefficients of the rule in ¢(z;). The state dependent OPP under a given rule ¢°(z;) is given
by

8; (2) = —(Ry(2) WRy(2)) ™ Ry (2:) WE Y,

where Ry)(2:) = F(2)R) 1) + (1 = F(2))R} o) captures the causal state dependent effect of

€; on Y,. The following corollary summarizes the properties of the state dependent OPP.

Corollary S1. Given model (S17). Under the assumptions that (1) the optimal policy
E,P(2,) is unique, and (2) the rule ¢°(z) underlying the proposed policy path E,PY(z)

®See e.g., Auerbach and Gorodnichenko (2012, 2013); Ramey and Zubairy (2018); Barnichon, Debortoli
and Matthes (2021) for studies on whether fiscal policy is more or less effective when the economy is in a high
unemployment state, and Tenreyro and Thwaites (2016); Ascari and Haber (2021); Eichenbaum, Rebelo and
Wong (2022) for studies on whether monetary policy is more or less effective when unemployment is high.

6A popular functional form for F(.) is F(z;) = exp(—v2¢)/[1 + exp(—~z;)] with v a tuning parameter.
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leads to a unique and determinate equilibrium, we have that
1. 8:(z) =0 — EP(z) = EPyP (2).
2. ]EtPg + Rg(zt)(S;((Zt) == EtP?pt(Zt).

Proof of Corollary S1. The proof is identical to the proof of Proposition 1 after changing
the maps A and B, to A _(z) and B_(z;), respectively. O

B2: Multiple policy regimes

Next, we consider an economy with a finite number of policy regimes, where the model
coefficients (equations (16)) can depend on the policy regime. To give a concrete and relevant
example in monetary policy, inflation expectations can be “anchored” —fixed at some value—
or “unanchored”, in that inflation expectations depend the state of the economy (expectation
formation could be e.g., rational or adaptive), and the anchoring of inflation expectations
likely depends on the central bank’s policy rule or objective function (e.g., Bernanke, 2007).

In this type of model, the policy rule can affect the coefficients of the non-policy block
(16). In that case, we can still use the OPP to detect optimization failures, but there is no
longer any guarantee (without additional structural assumption) that an OPP adjustment
would improve policy. In other words, the two statistics R® and E,Y? are still sufficient to
evaluate a policy decision, but they may not be sufficient to correct a non-optimal policy
decision.

To formalize this, consider a generalization of (16) with

Ay (NE Y — Ay (0)EW, — A, (V) E Py By (V)X _; + Bye(V)E, ($19)
A (NEW, — Ay (NE Y, — App(NEP; = Buo(9)X_y + Bue(9E,
where A _(¥) and B_(9) capture describe the economy under the policy regime 9.
As in the baseline model, the generic policy rule is
Apppg — Apy]Eth - prEtWt - BpxX,t + Bpgat 5 (820)

and we collect all the rule parameters in ¢ = { A, Apy, Apw, Bpas Bpe }-

The policy regime v can depend on the policy rule ¢, creating a feedback from the policy
rule to the coefficients of the non-policy block. Assume that there exists only a finite number
of regimes. Here we consider the case with two regimes for clarity of exposition and following

our example on anchored /unanchored inflation expectations. The maps D_(¥), for D = A, B,

D (9) = D.(1) if o (S21)
i D.(9y) if pedy

are of the form
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where @1 U(I)Q = & and q)z N (I)j = @
The characterization of the optimal policy choice requires more care. Here we define the
optimal policy as the policy rule (and associated policy regime) that ensures the lowest loss.

We consider

min L, s.t. (S19)-(S20) , (S22)

Y, Wi, P
where we note that since the coefficients of the policy equation directly affect the coefficients
that describe the economy, we need to take into account the policy equation when defining the
optimal policy. We denote the solution for P, to this minimization problem by E,P¢P*(19°Pt)
where 1°P' corresponds to ¢°P* which is the minimizing ¢. We will assume that ¢°P* lies in
the interior of some ®;, which rules out boundary solutions.

Given a policy proposal E;P?, implied by choices ¢° and €°, where ¢° implies the regime
90 € {91,795}, the regime specific OPP statistic is

67 (0°) = —(Rg(ﬁo)’WRg(ﬁo))‘le(ﬁo)’W]EtYf ,

where E;Y? is the expected allocation under E;P?. Note that computing the regime specific
OPP only requires R°(9°) the causal effects under the proposed policy policy and does not
require knowledge of the causal effects in any of the other regimes.

The following corollary establishes the main property of the regime specific

Corollary S2. Given model (S19)-(S21), under the assumptions that (1) the optimal policy
EPP (9°PY) is unique and the underlying rule ¢°P* leads to a unique and determinate equi-
librium, and (2) the rule ¢° underlying the proposed policy path EsP?(2;) leads to a unique

and determinate equilibrium, we have that
W)#0 = EPI)#EPTW).

The corollary implies that if the regime specific OPP is non-zero we have that the policy

choice is non optimal.

Proof of Corollary S2. The Lagrangian for the optimal policy problem (S22) is given by

1 , _
Le =0 { SYIVY 4 (A (Y: — Apn(D)W: = Ay(OP: ~ Bra(DX1 ~ B(0)5)

+N,2(~Aww (V)W — Ay (DY — Awp<19)Pt — By (9)X 4 — Bue (V)Zr)
(AP — Ay Yy — Apy Wi — By X — BBy — €)}

where A _(¥) and B_ () capture describe the economy under the policy regime ¥ determined
by the policy rule ¢ = {A,,, Apy, Apw, Bpz, Bpe
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The first order conditions for Y;, Wy, P; are given by

0 =WEY, + A, (0" )y — A, (9" )ps — A, i3

0= _A;w(ﬂopt)lj’l + A;uw(q’gopt)l“la - prl"’i’)
0 = — AL, (0P s — AL (9P ) s + A, i

Importantly, with a finite number of regimes if ¢°P* lies in the interior of some ®;, all
the derivatives of the maps A _(¥) and B_(¥) with respect to the elements of ¢ are zero.
Intuitively, an infinitely small change in a rule coefficient does not trigger a regime change.
In that case, unless the economy is already perfectly stabilized,” the first order conditions
with respect to the elements of ¢ imply that us = 0. To see that, note that optimization

with respect to, for instance, the jth element of the first row of B, gives

p3BE =0

where p3; is the corresponding element of the ps vector. Unless Ei& = 0,° this implies
s ; = 0. We can proceed similarly with the other coefficients of ¢ to show ps = 0.

With ps = 0, note that the optimization problem (S22) has the same first order conditions
as the following fictitious problem: given some optimal policy rule ¢°P* the policy maker can
choose Y;, W;, P, and a sequence of policy shocks €, to minimize £;. Indeed, for that

problem the Lagrangian writes

1 ! / O () O O () —
L] =E, {thWYt + 1 (Ayy (D) Y — Ay (9P )W — Ay (9P )Py — By (9°7) Xt — Bye(0°7) Ey)
‘l'.U'IQ (Aww (ﬂopt)wt - Awy(ﬂopt)Yt - Awp(ﬁopt)Pt — Buaz (ﬁopt)X—t - Bw&(ﬁopt)at)

(AP, — APY, — AW, — BE'X_, — BB —€)}

The first-order conditions with respect to €; yield w3 = 0, which immediately establishes
that the first-order conditions of the fictitious problem are the same as those of problem
(522). As in the proof of Proposition 1, under the stated assumption that ¢°P* implies a

unique equilibrium, the fictitious problem can also be stated as

minf, st EY, = RP'e; + CP'X_y + CM'E, .

"Technically, we exclude that all shocks until time ¢ and all initial conditions are zero, a trivial case we
can discard.

8Technically, the condition is much weaker: we only have to exclude that the economy is perfectly
stabilized when EP; = 0, i.e., that all shocks and all initial conditions are zero. A trivial case we can
discard.
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which leads to the first order condition
RgpthEth == O .

This establishes that Rzpt/WEth = 0 is a necessary condition for the original optimization
problem (S22).

Next, consider the second fictitious problem: given the proposed policy rule ¢° the policy
maker can choose Y;, W;, P; and a sequence of policy shocks €; to minimize £;. Using the
exactly the same steps as above, and noting that ¢° leads to a unique equilibrium, it follows
that RgW]Eth = 0 is a necessary condition for optimality under this rule. This implies that
if we find that RSIW]Eth # 0, then E,PY # Etngt as there can only be two cases. First, if
¢ implies the same regime as ¢°P' it follows immediately as RBIW]Eth = RzptIWEth =0
is a necessary condition. Second, if we find that ¢° does not imply the same regime as ¢°P*
the result also follows immediately as ¢° then does not minimize the loss function.

Finally, note that since &7 (9°) is just a rescaling of RSI WE,Y, the same conclusion carries
over, and &7 (9°) = 0 is a necessary condition for optimality. Importantly however, unlike in
the linear case, that condition is not sufficient to characterize the optimal policy. With of a
feedback from ¢ to the maps A _(¥9) and B_(¢), a policy satisfying RSIWEth = 0 could be a
local minimum, when the regime 1¥° associated with rule ¢° is not the regime 9J°P! associated
with the optimal rule ¢°Pt. ]

S3 General convex loss functions

In the main text we restricted ourselves to quadratic loss functions when testing the opti-
mality of a given policy choice. In this section we show that the main idea — exploiting the
gradient of the loss function to evaluate optimality— continues to apply for essentially any
convex loss function. The only difference is that the evaluation of the gradient will require
the full forecast densities instead of only the mean oracle forecasts.

To show this, let £;(Y};0) denote a loss function which is convex and differentiable with
respect to Y, and may depend on preference parameters denoted by 6. The quadratic loss
function (15) in the main text is a special case where 6 includes preference parameters A
and discount factors 5. Using the same generic model (16), we can summarize the policy
maker’s problem by

min ]Etﬁt(Yt; 6) s.t (16)

Y:,W¢, Pt

To evaluate whether a proposed policy choice E;P? solves this problem we can follow the
same steps as in the main text. Specifically, using the proof of Proposition 1 it follows
immediately that the equivalence E,P) = E,P™ <= V;,E,L,(Y(5,);0)] 5,—0 continues to
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hold. However, now the gradient with respect to d; evaluated at §; = 0 (i.e. E,P?) is given
by
v(st]Et'Ct(Yt((st);e)ltstZO - RZ, X VYtEtﬁt(Yt((st);e”ét:O )

Given that L£;(Yy;0) is convex with respect to Y; and Y, is an affine function of €; in
equilibrium we have that if Vs, E,L;(Y(d;);0)|5,_o 7 0 the policy choice E¢P?} is not optimal.

To evaluate the gradient we need to compute the derivative Vvy,E;L;(Y:(d:);0)s,_o-
Under a quadratic loss Y, WY,, this expression simplifies to Vv, E;Li(Y:(8¢);0)]5,_o =

WE,Y? as in the main text, but for a general convex loss we have
VL8005 = [ T LY OWYIFIAY (523)
Yt

where p(Y?|F;) is the forecast density under the proposed policy choice E;P?. Thus, provided
the forecast density is available, we can construct the OPP statistic and OPP-based tests
as in the main text. The only difference is that there is no closed form expression for the

gradient, and numerical or Monte Carlo integration methods will be necessary.

S4 Details: constrained OPP

We provide further details for the constrained OPP statistic of Section 4.3. Specifically,
we generalize the set-up in the paper to allow for constraints on any endogenous variable
and provide formal statements for the properties of the constrained OPP and the subset
constrained OPP.

S4.1 General constrained OPP

We consider the general case where the constraints are of the form
O(]Eth, ]EtWta EtPt) Z C, (824)

where C'(+,-,-) is a continuous function that allows to capture a variety of constraints that
the policy maker may face. We give some explicit examples below. The policy maker’s

problem becomes

min Et s.t. (16) and C(Eth,EtWt,EtPt) 2 C . <S25)

Y, Wy, Py

Clearly, with nonlinear constraints there is no closed form expression for the constrained

OPP. Nevertheless, the optimality of a given policy path can be assessed by numerically
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solving the program

67" = argmin(B(Y) + R)S)W(E,Y? + R)6)

t

st C(EY] +R)6, E;W) + R6,, E,P) + R) > ¢ (S26)

where Rg, RY and Rg are the dynamic causal effects of €, on Y;, W, and P, under ¢°. The
problem (S26) is equivalent to a constrained least squares problem and can be easily solved
numerically.

The constrained OPP retains the same properties as its linear counterpart above.

Corollary S3. Given the generic model (16)-(18) and under assumptions that: (i) P,
is the unique solution to (S25) and (i1) the rule ¢° underlying the proposed policy path E,P?

leads to a unique and determinate equilibrium, we have that

1. 5 =0 — EP? = E, PP

2, E,PY + §¢* = E, PP

where 67* is defined in (S26).

S4.2 Subset OPP with nonlinear inequality constraints

Next, we extend our approach to derive a constrained subset-OPP.
Let PZ?t denote the subset or linear combination of the proposed policy path for which
the corresponding policy shocks eg?t can be identified. The subsets of the causal effects R?,

Cl we and O  measures the effects of €, on Y;, Wy and Py, respectively. The constraints

that the policy maker faces take the same general form as in (S24).

The subset constrained OPP can be obtained from the program
60, = ar%min(Eth + Re,O0at) W(EYY + RY,6as)

s.t. C(Eth + ng(sa’t, EtW? —+ R&wéa,t) ]EtP? -+ Rgpda,t) Z C <S27)

The constrained subset OPP can also be easily computed using numerical optimization
routines. The only inputs are again the forecasts and the subset dynamic causal effects.

The inequality constrained subset OPP has the following properties.

Corollary S4. Given the generic model (16)-(18) and under assumptions that: (i) EPP"
is the unique solution to (S25) and (ii) the rule ¢° underlying the proposed policy path E,P?

leads to a unique and determinate equilibrium, we have that
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1. 6, #0 — E,PY £ E,P{PH°

2. L(8:,,0) < L£4(0,0), i.e. the adjusted path BeP] + R 0, lowers the loss.

a,p-a,t

The properties are similar to those that were obtained for the unconstrained subset OPP
in the main text.
We now give a few examples for the types of constraints that can be accommodated in

this framework.

Example S3 (Zero lower bound). A well known constraint on the interest rate path of a
central bank is the zero lower bound. We can implement this for Py = (iy, 4441, .-, 4erm) by

considering the constraint
CE,P; > c, with C=1Iy, c=0.

This is the specification that we adopt in our empirical work in section 6 for the zero-lower

bound period.

Example S4 (Pre-commitments). A richer example of a policy constraint is the following
announcement by the FOMC' after its 09/16/2020 meeting:

“¢... The Committee decided to keep the target range for the federal funds
rate at 0 to 1/4 percent and expects it will be appropriate to maintain this
target range until labor market conditions have reached levels constistent with
the Committee’s assessments of mazimum employment and inflation has risen to

2 percent and is on track to moderately exceed 2 percent for some time. ...°°

To illustrate how to incorporate such pre-commitment we will compute a constrained
OPP, where we impose the constraint that the policy rate remains at the zero lower bound
until inflation is expected to lie at least 0.5 ppt above target for 1 year and unemployment
is less than 0.5 ppt above its long-run level. These thresholds are only chosen as means of
illustration.

Letting P, = (44,4441,...)" be the interest rate path, we can translate this commitment

into a conditional constraint of the form

EtPt =0 if ]Etut+h > 4.5Vh y Etﬂ't+j <25 j = 1, i

CEY, EW,EP,) =
(B Yo, B We, EPy) {EtPt else

Note that we could also write this expression using an indicator function for the conditioning

event.
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S5 Estimating robust preference parameters

Researchers outside of the policy maker’s research staff may not have access to the policy
maker’s preferences V. For this setting, we outline an approach for conducting preference
robust OPP evaluation. The idea is to exploit a sequence of past policy decisions to find the
preferences that gives the smallest deviations from optimality on average. This approach
can thus be seen as considering a worse-case scenario for “rejecting” optimality.
Specifically, we write w = f® A, the elements of the preference matrix W, as a function of
the dy x 1, parameter vector 0, i.e., w = w(0), with dy < K, and we estimate 6 by numerically

solving ?
2

0 =argminS(0) ,  S(9) =

min : (S28)

1 =~
gchm,s(e)

s=tp

where 3\@,5(9) corresponds to the mean OPP estimate as a function of 6.
With the estimated # in hand a researcher can base the optimality assessment on the
simulated distribution of the OPP given 6, which ensures that deviations from optimality

are not due to potentially arbitrary choices for the preference parameters.

S6 Additional results for the empirical study

In this section we discuss additional results for our empirical study on testing US monetary
policy decisions. These results are complementary to those presented in Section 6 of the

main text. In particular, the different subsections discuss the following aspects.
1. Impulse responses to policy shocks
2. Sensitivity to the preference parameter A
3. Alternative dynamic causal effect estimates: SVAR inference

4. Testing the stability of the macro environment

S6.1 Impulse responses to policy shocks

In our empirical study we use shocks to the policy rate and to the slope of the yield curve.
To better understand the policy experiments that we are considering, Figure S1 plots the
full set of impulse responses to (i) innovations to the fed funds rate, and (ii) innovations to

the slope of yield curve. We can see that both policy experiments correspond to somewhat

9To give a specific example, suppose that M, = 2 and M, = 2, then we can take § = (6;,62)" and set
w(0) = (62,01,...) ® (1,62)" , which implies that 8 = (67,61,...) and A = (1,6,)".
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persistent changes to the policy instrument, similar to earlier estimates of impulse responses
to monetary shocks (e.g., Eberly, Stock and Wright, 2020). In other words, these experiments

will allow to evaluate the optimality of the short- to medium-end of the policy paths.

S6.2 The preference parameter \

In the main text we used A = 1 to compute the OPP-based tests. In this section we compute
the OPPs for different choices of A between [0.2,2]. The results for different choices of A are
shown in Figure S2. We find that the short-rate OPP is not sensitive to the choice for A.
In fact, all of our main findings hold for all choices of A\ and the differences are often small.
For the slope OPP the findings are a bit different. Here low values of A, say A = 0.2, move
the slope OPP towards zero. The reason is that the causal effects of inflation are estimated
with greater uncertainty, such that putting more weight on the inflation mandate (a lower
A) lessens the “power” of our evaluation framework. That said, we stress that the data
indicates that such low values for A are unlikely, as the worst case A that we computed using

(S28) was determined at A = 0.6.

S6.3 Shadow rate results

In this section, we provide an alternative approach to evaluating policy decisions. Instead
of using the fed funds rate as the policy instrument, we use the shadow fed funds rate
constructed by Wu and Xia (2016). The benefit of this approach is that it removes the
non-negativity constraint on the fed funds rate. The impulse responses are estimated as in
the main text, only substituting the fed funds rate with the shadow fed funds rate (Figure
S3)

The policy evaluation results (Figure S4) are similar to the baseline results reported in the
main text (Figure 1), with the (unsurprising) exceptions of the two zero lower bound periods:
2009-2015 and 2020-2021. Unlike the constrained short-rate OPP reported in the main text,
the shadow-rate OPP turns very negative during the Great Recession: the shadow fed funds
rate was about 0.75 percentage point too high over 2009-2013. This finding confirms our
conclusion that unconventional monetary policy should have been used more aggressively
during the great recession. Interestingly, during the COVID crisis, the shadow short rate
OPP also turn substantially negative (-0.5 percentage points), but model uncertainty was
so high at that time that the OPP evaluation is inconclusive. This is to be expected: if
little is known in real time about the transmission of an unusual shock (like COVID) to
the economy, one would expect policy evaluation to be particularly difficult. So while the
shadow short-rate OPP turns negative in 2020, the results are not significantly different from

zero at any reasonable confidence level.
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S6.4 Sequential optimization and time inconsistency

As is well-known, sequential decision making creates the possibility of dynamic inconsistency
in the expected policy paths: An expected policy path that is optimal as of time ¢ may not
be optimal viewed from a time decision problem as of time ¢ + 1 (Kydland and Prescott,
1977).
The OPP statistic —being precisely about the policy maker’s time ¢ decision problem—
naturally inherits the time inconsistency associated with sequential decision making.
However, we saw in the main text that we can isolate the time inconsistent component

and measure its quantitative relevance. Specifically, we can decompose the time t OPP as

6, =6, .+ [0,D°] AE, Y] , — AD’E, ;Y] , (S29)

Information update Preference shift

or after simplifying as

5: - (52;1 "‘ AEtYS - DOEt_lAY?

where AE; (-) = E; (-) — E;_; (+) is the information update operator, AY?Y = Y? — Y? | is
the path in first differences and D = —(RJWRY) 'RIW.

Equation (529) decomposes the time ¢ OPP into three components: (i) the “lagged, i.e.,
time ¢ — 1, OPP —past deviations from optimality that have not been corrected—, (ii)
an information update term —new information revealed at t—, and (iii) a preference shift
term. The preference shift terms captures the dynamic time inconsistency associated with
sequential decision making.

Whether dynamic inconsistency is quantitatively important depends on the policy prob-
lem at hand. In the case of US monetary policy decisions, it appears to be a minor problem.
To see that, Figure S5 reports the result of decomposition (529) for the (unconstrained) short-
rate OPP over 1990-2022. Notice that preference shift (right-bottom panel) contributes very
little to OPP adjustment between periods. In other words, time inconsistency is quantita-
tively irrelevant for our OPP evaluation: the conclusions are identical whether we assume
that the policy maker follows time consistent policies or not. Instead, we can see that most
of the adjustments to the OPP come from two forces: past deviations from optimality that
have not been corrected —the “lagged” OPP—, and new information. For instance, the
onset of the great recession (in early 2008) led to a large information update that implied
a large negative adjustment to the OPP (red line), followed three years later by a positive
adjustment as the recovery was stronger than expected. Not surprisingly, the COVID crisis

was also marked by large information updates.
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Figure S1: IMPULSE RESPONSES TO POLICY INNOVATIONS

Unemployment Inflation FFR
0.5
2 4
S 2
= 2 0 /\-’_
e 0 ) - —
= o < -05 2
-4
0 10 20 0 10 20 0 10 20
Unemployment Inflation 10year-FFR spread
4 1
e
;O: 2 0 £\/\’¢-—
n
© 0 —Ne— -
_8* -1
n -2
-2 -1
0 10 20 0 10 20 0 10 20

Notes: Impulse responses (IRs) of inflation, unemployment and the fed funds rate or the slope of the yield
curve (10year-FFR spread) to a contemporaneous fed funds rate shock (left panel) or to a yield curve slope
shock (right panel). Shaded bands denote the 68 and 90 percent confidence intervals.

Figure S2: OPP FOR DIFFERENT A, 1990-2022
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Notes: Top panel: short-rate OPP. The colored lines correspond to the OPP with \’s between 0.2 and 2.
Bottom panel: slope policy OPP. The colored lines correspond to the OPP with \’s between 0.2 and 2. The
grey areas capture impulse response and model uncertainty at 60%, 75% and 90% confidence (from darker
to lighter shades) when using A = 1 as in the main text.
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Figure S3: IMPULSE RESPONSES TO POLICY INNOVATIONS
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Notes: Impulse responses (IRs) of inflation, unemployment and the shadow fed funds rate (Wu and Xia,
2016) or the slope of the yield curve (10year-FFR spread) to a contemporaneous shadow fed funds rate
shock (left panel) or to a yield curve slope shock (right panel). Shaded bands denote the 68 and 90 percent
confidence intervals.
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Figure S4: A SEQUENCE OF OPP FOR SHADOW FED FUNDS RATE POLICY (1990-2022)
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Notes: Top panel: the shadow fed funds rate (Wu and Xia, 2016). The yellow shaded areas denote the
zero-lower bound (ZLB) periods. Bottom panel: time series for the unconstrained shadow short-rate OPP
(labeled “OPP for contemp. shadow FFR”, left panel) over 1990-2022 for a policy maker with a dual
inflation—unemployment mandate (A = 1). The grey areas capture impulse response and model uncertainty
at 60%, 75% and 90% confidence (from darker to lighter shades). The case studies are marked as points:
April 2008 (red), April 2010 (blue), March 2021 (green) and November 2021 (yellow).
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Figure S5: A DECOMPOSITION OF THE SHORT-RATE OPP, 1990-2022
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Notes: Top panel: the median short-rate OPP (black line). Bottom panels: decomposition of the short-
rate OPP (dashed black line) into its three components: (i) the lagged OPP (left panel, blue line), (ii) the
information update term (middle panel, red line), and (iii) the preference shift term (right panel, yellow
line). See equation (S29). The preference shift terms captures the strength of dynamic time inconsistency
coming from a sequential use of the OPP.
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