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1. Introduction

A simple linear rule can effectively describe actual monetary policy decisions in the
early 1990s, as demonstrated by Taylor (1993). The evaluation of such rule-based poli-
cies in terms of optimality and robustness has become a central topic in the literature
(see, e.g., Taylor and Williams, 2010). This paper introduces a machine learning-based
approach to a monetary policy optimization problem under the central bank’s imperfect
knowledge.

In the first step, we estimate macroeconomic transition equations for inflation and
the output gap using quarterly U.S. data from 1987:Q3 to 2023:Q2. We consider two
cases: a linear economy, estimated via a structural vector autoregression (SVAR), and
a nonlinear economy, approximated by artificial neural networks (ANNs). The latter
can capture unspecified nonlinearities due to their universal approximator property,
improving the data fit by 21% compared to the SVAR representation. Notably, the ANN
model enhances the description of inflation developments since COVID-19.

In the second step, we model monetary policy as a reinforcement learning (RL) prob-
lem, assuming the estimated relations are given. The central bank aims to smooth in-
flation and the output gap by setting the nominal interest rate according to a reaction
function. During RL, the central bank learns its optimal reaction function by interact-
ing with the economic environment, represented by the estimated transition equations.
Importantly, we assume that while the central bank observes the current state of the
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economy, it does not know these transition equations. This assumption is motivated by
the recent shift of central banks from a forward guidance regime to a more data-driven
approach, emphasizing the need for monetary policy decisions to wait for the most re-
cent incoming data.! The RL method captures this step-by-step explorative behavior
under uncertainty about the true underlying model, making it a suitable tool for ana-
lyzing optimal monetary policy.

Specifically, RL is at least as flexible as the standard optimal regulator problem. Both
approaches can address nonlinearities in the economy and the policy function, as well
as uncertainty in the form of shocks and model parameters. However, the RL algo-
rithm goes a step further by assuming that the agent does not know the underlying
model at all. Instead, it learns to maximize the expected long-term reward given action
and observational variables. The advantage of RL increases with the complexity of the
economy, as the approach is prone to the curse of dimensionality, leaving ample room
for future research. Our introductory setup is relatively small-scale to provide a proof
of concept and facilitate economic interpretability.

In a dynamic historical counterfactual setup, we find that the optimized policy rules
yield inflation and output gap series much closer to the targets compared to the actual
and prescribed paths of common policy rules from the literature and the Federal Re-
serve’s monetary policy report (MPR). Relying on the nonlinear model transition equa-
tions, a nonlinear reaction function performs best in the counterfactual exercise. While
the optimized linear rules reduce the central bank’s loss by 15%, the nonlinear reaction
functions boost the improvement to over 27%. This is because they can react flexibly
to different combinations of inflation and output gap values. In particular, partial de-
pendence plots of the optimized rules imply a plateau at values close to the targets and
stronger reactions if the output gap is negative and inflation is below target. In a static
counterfactual, where we derive the RL-suggested interest rates in response to actual
inflation and output gap values, we find evidence that the Federal Reserve held inter-
est rates too low for too long prior to the financial crisis. Moreover, the optimized rules
suggest an earlier and sharper increase in interest rates since COVID-19.

One caveat of the analysis is that the quantitative results of the historical counter-
factual depend on the estimated model equations, which are assumed to be given. Al-
lowing for agents with rational expectations could alter the results since changes in the
reaction function would also imply changes in the transition equations” parameters, as
pointed out by Lucas (1976). However, since we assume that the central bank does not
know the transition equations, it seems implausible that private agents behave more
rationally than the central bank. To analyze the sensitivity of the RL-optimized linear
reaction functions with respect to model uncertainty, we conduct a model comparison
exercise using 11 dynamic stochastic general equilibrium (DSGE) models. The results
indicate that the RL-optimized policy rules within the ANN economy are also quite ro-

ISee, e.g., recent press release https://www.federalreserve.gov/monetarypolicy/files/
monetary20240320al.pdf.
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bust, yielding comparable stability results measured by unconditional variances to the
common policy rules.

Our paper relates to different streams of the literature. Generally, it contributes to the
literature on optimal monetary policy reaction functions. By optimal, we mean optimal
with respect to a given central bank mandate, in contrast to Ramsey optimality (see,
e.g., Debortoli et al., 2019 for the link between both). Svensson (1997) and Woodford
(2001) discuss the standard approach, where the central bank faces a linear-quadratic
(L-Q) optimization problem, i.e., it has a quadratic loss function and linear constraints.
Specifically, our paper closely connects to studies that deviate from the L-Q framework
by assuming nonlinear constraints (e.g., Orphanides and Wieland, 2000, Schaling, 2004,
Dolado et al., 2004, 2005, Adam and Billi, 2006). Moreover, we connect to the literature
on monetary policy and information frictions (see, e.g., Sargent et al., 2006, Gaspar et al.,
2006, Reis, 2009, Benchimol and Bounader, 2023, and Benchimol, 2024). However, most
of these studies (except for Sargent et al., 2006) typically assume perfect knowledge of
the central bank and deviate from rational expectations on the private sector side, while
we assume imperfect knowledge of the central bank.

Our work also relates to the expanding literature on monetary policy rules ver-
sus discretion following Taylor (1993) (see also Nikolsko-Rzhevskyy et al., 2021 and
Cochrane et al., 2019 for more recent results). The issue of model and parameter un-
certainty in the context of optimal monetary policy has been tackled by many authors
using Bayesian and robust control-related methods along the lines of Hansen and Sar-
gent (2001) (see, e.g., Wieland, 2000, Tetlow and Von zur Muehlen, 2001, Levin et al.,
2003). Regarding robustness analyses using a comparative DSGE model approach, we
turther rely on Wieland et al. (2012, 2016).

Regarding the methodological part, we apply the deep deterministic policy gradi-
ent (DDPG) algorithm by Lillicrap et al. (2015). See also Botvinick et al. (2019) for a
survey on the development and general applications of deep RL. Several papers con-
sider RL in the areas of operations research, game theory, and (public) finance (see also
Charpentier et al., 2021 for a recent survey). For example, Castro et al. (2021) use RL
to approximate banks” optimal liquidity provision in a given payment system, while
Zheng et al. (2020) rely on RL to compute optimal tax policies that trade off equality
and productivity. Moreover, Shi (2021) and Chen et al. (2021) consider RL as a method
for replacing the assumption of rational expectations in structural models. They allow
households to learn their optimal policies over time using deep RL. However, to the best
of our knowledge, this is the first paper applying (deep) RL in the context of optimal
monetary policy.

The remainder of the paper is organized as follows. Section 2 describes the reinforce-
ment learning methodology and the data we use. In Section 3, we present estimation
results of the economy, the optimized policy rules, and counterfactual analyses. Section
4 discusses the results, and Section 5 concludes.



2. Methodology and Data

Consider a central bank with a dual mandate of price stability and maximum em-
ployment, akin to the Federal Reserve. The primary policy instrument is the nominal
interest rate. However, the economic environment in which the central bank operates
is fraught with uncertainties. Recent examples include the COVID-19 crisis, character-
ized by an unknown mix of supply and demand shocks in real-time, and the energy
crisis following the Russian war of aggression. Common forecasting models failed to
predict the true developments, particularly in inflation. This led central banks to transi-
tion from a forward guidance regime to a more data-driven approach, emphasizing the
need for monetary policy decisions to wait for the most recent incoming data.? The rein-
forcement learning (RL) method captures this step-by-step explorative behavior under
uncertainty about the true underlying model, making it a suitable tool for analyzing
optimal monetary policy. This section describes the specific RL structure, the choice of
hyperparameters, and the data.

2.1. Structure

The general idea of RL is illustrated in Figure 1. The agent (central bank) interacts
with an unknown environment E, receiving a vector of observations x; (containing in-
flation 71; and output gap y¢, and possibly lags thereof), taking an action i; (nominal
interest rate setting), and receiving a reward signal r;, depending on the deviation of
observations from targeted values. Given observations and reward, the agent evalu-
ates past behavior and adapts its action. Through this iterative process over multiple
discrete time steps T, an optimal policy (monetary policy reaction function) given the
environment and reward signal is learned. The following sections describe all elements
of the RL scheme in more detail.

2.1.1. The Environment

As shown in Figure 1, RL requires the provision of an environment E, which de-
termines the next observations in response to the agent’s actions. In our application,
the environment represents the economy excluding the central banking part. We ap-
proximate this part of the economy by a two-equation system including the variables
inflation, 714, and the output gap, y;. Regarding the variable choice for the whole econ-
omy, we consider the basic three-equation New Keynesian model (NKM) of Rotemberg
and Woodford (1997). The NKM consists of an aggregate demand equation (dynamic
investment-saving (IS) curve), an aggregate supply equation (New Keynesian Phillips
curve), and a central bank reaction function.

As stated above, we aim for a rather small-scale setup. The reason for this specific
setup is twofold. First, inflation and output gap are the key variables central banks are
concerned with. Second, by restricting the observation set to these variables, we can

2See, e.g., recent press release https://www.federalreserve.gov/monetarypolicy/files/
monetary20240320al.pdf.
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Figure 1: Reinforcement Learning Scheme
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directly compare the RL-optimized policy rules to well-established policy rules like the
Taylor rule. It also simplifies economic interpretability. Hence, our approach should
serve as a proof of concept, which can be extended to a much larger information set of
the central bank in future research, as the approach is prone to the curse of dimension-
ality.

Since the task of the environment is to provide the next period’s states based on
the current economic state and current policy behavior, it can also be interpreted as a
forecasting setup. The general form of the economy transition equations is given by:

v = [y, Y2, T, 01, T2, 0,11, ip2) + e? @)

Tty F WYt Yi—1,Yi—2, -1, T—2,1t, 141, 01—2) + e[, (2)

where the output gap, y;, and inflation, 71, depend on lagged and contemporaneous
values of themselves as well as on the nominal interest rate, i;, and lags thereof. Re-
garding the specific functional form of the equations, we consider two scenarios. First,
we assume a standard linear model structure, i.e., Equations (1) and (2) collapse to the
well-known reduced form representation of a vector autoregression (VAR). Second, we
use artificial neural networks (ANNSs) to approximate the economy, allowing for non-
linear relationships among variables while being agnostic about the specific functional
forms.



Linear Economy. When estimating the linear economy, we use the general form given
above, with f" representing a simple linear function of the respective inputs collected
in vector s}":

fm—cm g™, ()

where C™ and a™, m € m,y, represent the constant and the vector of coefficients,
respectively. For the historical counterfactual analysis later on, we transform the re-
duced form to a structural (SVAR) representation. Following, e.g., Rotemberg and
Woodford (1997), we directly estimate the recursive SVAR equation-by-equation using
OLS, assuming that demand pressures affect inflation contemporaneously as in, e.g.,
Orphanides (2003) or Orphanides and Wieland (2000). This recursive structure implies
that the output gap reacts to inflation only with a lag of one period, while inflation de-
pends on the current level of the output gap. Moreover, while there is no direct effect
of the nominal interest rate upon inflation and the output gap, the central bank reacts
to the current levels of both, as will be shown in the following section on the policy
function. Aiming for a parsimonious model, we start with an SVAR(2) specification and
drop all second lags that are insignificant at the 10% significance level, which yields the
following input vectors:

st (Ye—1, -1, 141, 11-2) 4)
SZT = (yl’/ Yi—1, TCt—-1, 702, it—l)' (5)

By restricting our SVAR in this way, we aim for a parsimonious model structure
driven by statistical evidence. The information criteria (BIC and AIC) favor the re-
stricted version given in Equations (6) and (7) over the SVAR(2) specification:

e = CV+ az,l Vi1 -+ ai/l 1 + aiy,l i1+ ”‘Zz it o +el (6)

e = Cltayoye+ay Yi1+ay,Yeo+ag, M1 +az, o +ajyipg +ef. (7)

Nonlinear Economy. There is a growing literature on possible nonlinear relationships
within the economy and the consequent policy implications. While some consider a
convex Phillips or IS curve and the effect on optimal monetary policy (see, e.g., Schal-
ing (2004), Dolado et al. (2004, 2005), and Tambakis (2009)), recent studies try to explain
a flattening of the Phillips curve after the global financial crisis (see, e.g., Watson (2014),
Coibion and Gorodnichenko (2015), Ball and Mazumder (2019)). Hence, we also con-
sider a nonlinear economy but are agnostic about its specific functional forms. To do
so, we estimate the transition equations using ANNSs in a supervised manner, i.e., given
actual values from the data, a training algorithm learns the respective relationship be-
tween the variables by periodically updating the network’s parameters.
The ANN representation for f™, m € 7, y, is given by:
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which applies a nonlinear transformation to the input state s;*. The parameters col-
lected in the vectors wij, Vj, j=1,.,hand b;,i = 0,...,h, are known as weights and bi-
ases to be estimated. We keep the previous recursive structure fixed and assume that y;
and 7t; are unknown functions of the same variables as in the linear economy to ensure a
fair comparison. Regarding the network structure, we opted for a simple feed-forward
network since its performance is satisfactory. In principle, more advanced network ar-
chitectures like recurrent neural networks or transformers are also integrable.

The number of hidden units / represents a hyperparameter that we determine by
dividing the sample into a training and validation set,®> where we use 15% of the obser-
vations for validation. Looping over one to ten hidden units using 30 different random
initial weights yields 2 and 8 hidden units for the output gap and inflation equation,
respectively. After fixing the optimal number of hidden units, we take the set of initial
weights and biases that corresponds to the lowest mean squared error.

We wish to make clear at the outset that in our RL setup, the estimated transition
equations are taken as given, i.e., changes in the reaction function do not affect parame-
ters of the transition equations as would be the case with models including rational ex-
pectations. Hence, the Lucas critique applies. However, given that only the parameters
of the policy function are optimized during RL, one would expect smaller adjustments
in expectations than under a complete shift in the monetary policy regime, i.e., in target
values. Moreover, there is a growing literature on optimal monetary policy under non-
rational private agents (e.g., Orphanides and Wieland, 2000, Gaspar et al., 2006, Reis,
2009, Benchimol and Bounader, 2023, Benchimol, 2024). In our RL case, even the central
bank does not know the underlying transition equations. Assuming private agents to
be more rational than the central bank seems implausible to us. Alternatively, one may
think of private agents adapting expectations only very slowly over time compared to
the central bank. Of course, this is a critical assumption. However, as the degree of
rationality is uncertain, the estimated transition equations can still serve as a useful
benchmark environment to introduce the RL concept.

2.1.2. The Agent

The RL policy function is a mapping of observed economic states into actions. In
RL nomenclature, we set up a critic, which is equivalent to an approximate value func-
tion representing the expected long-term reward of the present policy and thus drives

3Note that the validation set is also used to prevent the algorithm from overfitting the training data
by introducing an early stopping mechanism. Training is stopped when the mean squared error of the
validation set fails to improve or remains the same for six consecutive epochs.



the policy parameter updating. Further, we define an actor, representing the central
bank policy function, describing the nominal interest rate setting behavior in response
to observations from the environment. Concerning the critic, we use nonlinear neu-
ral networks to approximate the value function. The actor is given by a simple linear
or nonlinear neural network depending on the structure of the economy. Through the
training process, the functional parameters are updated to maximize the expected long-
term reward (minimize the long-term loss).

The Policy. Defining the policy representation includes delimiting the observation and
action spaces. While the details of the economic structure, i.e., parameters and func-
tional forms of (6)-(7) or (8), are unknown during training, the agent observes certain
state variables that serve as inputs to the policy function. We consider two different
specifications concerning the dimension of the observation space. The first setup shown
below in equation (9) is supposed to mirror the standard Taylor (1993) type monetary
policy inputs, while the second setup (10) additionally contains one lag of each vari-
able. By using these specifications, on the one hand, we aim for a fair comparison to
standard Taylor-type rules. On the other hand, lags of inflation and output gap in the
policy function are shown to produce robust stabilizing behavior (Hawkins et al., 2015)
and therefore constitute our second choice.

Xt = (Yo7 )
x% = (Yo Ye-1, 70, 70 1) (10)

The action space is one-dimensional and real-valued. We start our analysis employing
linear neural network policy structures. This approach allows for a direct comparison
with other common linear policy rules before turning to a more flexible, nonlinear func-
tional form. The structural form of the resulting policy function P is given by:

q
Py = iy=uwap+ 2 (SJG(‘B;X? + 06]) (11)
j=1

with x7, z € 1,2 being the vector of observations from (9) or (10), respectively, and
G(-) being a monotonically bounded increasing transfer function. Equation (11) is the
representation of a single-hidden-layer feed-forward neural network as used to approx-
imate the economy in (8).* In the linear policy case, g = 1 = 6; = 1 and G() col-
lapses to the purelin transfer function, which simply maps the input value onto itself
(purelin(n) = n). The response coefficients are then given by B and ,Bly, where [ € 0,1
refers to contemporaneous and lagged variables, respectively. For the nonlinear case,

“We do not consider multiple hidden layers for our rather simple application. However, it is possible
to use such deep neural networks within the RL framework in general.
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we use the hyperbolic tangent sigmoid function as before. The parameters to be op-
timized by the RL algorithm are the weights ,B]- and (5]~, j = 1,..,q and the biases aj,
j = 0,..,g9, where g denotes the number of hidden units that has to be determined in
advance as explained in the following section.

The Objective. To optimally adjust the policy coefficients, it is essential to determine the
respective action value function, which serves as a performance measure for policy in-
terventions and thus forms the basis for policy updates:

QP (xt,ir) = E[Ry|x}, if] (12)
with
T .
Ry = > " 'ri(xf, ip). (13)
i—t

The function QF describes the expected return after taking action i, observing state x;,
and subsequently following policy P;. This recursive relationship is grounded in the
Bellman equation. The return R; is defined as the sum of discounted future rewards,
with a typical discount factor of v = 0.99 (cf. Svensson (2020)). The critic approximates
(12) using an artificial neural network (ANN), where 9 encompasses all connection
weights and biases of the network. The set of observable variables x; enters the critic
via the observation path, while the control variable i#; is included through the action
path. Both paths are concatenated into a common path, and its output is the expected
long-term reward based on the observed state and action, i.e., equation (12).

In defining the objective of our agent, we adhere to the Federal Reserve’s mandate.
According to the Federal Open Market Committee’s (FOMC) statement on longer-run
goals and monetary policy strategy,” an inflation rate of 2% is "most consistent over
the longer run with the Federal Reserve’s statutory mandate." Additionally, the Federal
Reserve aims to promote maximum employment, with its specific level allowed to vary
over time. These two objectives are generally seen as complementary. Consequently,
we rely on the standard quadratic reward function given by:

re(xi, it) = —wr (41 — 77*)2 — Wy y%ﬂ (14)

with equal® w; = wy = 0.5 and * = 2%.” We would like to emphasize at this
point, that it is generally possible to analyze optimal monetary policy under different

5See the FOMC’s Longer Run Goals and Monetary Policy Strategy document on https://www.
federalreserve.gov/monetarypolicy.htm

®Equal weights on inflation and the unemployment gap actually translate into a weight of 0.125 on the
output gap using Okun’s law. We still stick to 0.5, since Debortoli et al. (2019) show that an output gap
weight similar to that of inflation improves social welfare in a DSGE model context.

"For computational reasons, the continuous reward function given by (14) is accompanied by a second
part, which punishes deviations from targets that exceed 2 percentage points: r?p =10-r] (ifr] > 4)and
r],[/ P = 10-7/(ifr] > 4), where the subscript p stands for penalty and 7 and r{ denote the squared
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loss functions using RL, as well. Only recently, on August 27th 2020, the Fed actually
switched to an average inflation target of 2 %. Future research could consider alterna-
tive loss functions reflecting average inflation targeting as stated in Svensson (2020).3

2.2. Training Algorithm and Hyperparameters

We employ the Deep Deterministic Policy Gradient (DDPG) algorithm, first presented
by Lillicrap et al. (2015).° This algorithm builds on the Deterministic Policy Gradient
algorithm by Silver et al. (2014) and combines the actor-critic approach with Deep Q
Networks (see Mnih et al. (2013, 2015)). The result is a model-free, online, off-policy
actor-critic algorithm using (deep) function approximators.!’ The goal of the learning
algorithm is to find an optimal policy that maximizes the expected long-term reward.

Table 1 provides an overview of the DDPG algorithm’s individual steps, while each
part is explained more formally in Appendix A. Before entering such a training cycle,
we must decide on the critic network structure. To find the best layer structure, we run
the training cycle several times, looping over the number of hidden nodes (one to ten),
holding the number constant across the hidden layers of the observation and action path
for simplicity. For the linear actor version, no further choice is involved.!! However,
when optimizing the nonlinear policy version in (11), we also need to determine the
number of hidden units of the actor. In this case, we loop over these actor nodes from
one to ten, while fixing the critic nodes.

One training cycle consists of different steps. It starts with an initialization phase,
and each cycle consists of M = 500 episodes in total.!? Steps f) to m) are repeated until
the agent either fulfills our defined stopping criteria, which is 1.8 < m;y1 < 2.2 and
—0.2 < y441 < 0.2,1i.e, 0.2 percentage points absolute deviations from target values, or

deviations from targets. The penalty rewards are added to (14). This kind of mixed reward signal drives
the system away from bad states while simultaneously promoting convergence.
8Note that the Fed does not specify an explicit averaging period. The goal is only stated as an average
inflation of 2 % over time.
9There exist many different RL algorithms. The specific choice depends on the observation and action
spaces, i.e., whether they are discrete or continuous, whether it is based on a value or an action-value
function, and how the actor is modeled. We chose the DDPG because it is capable of handling continuous
observation and action spaces and, in contrast to other algorithms, it returns one value for the action
instead of probabilities of taking each action in the action space. Hence, the term deterministic in DDPG
refers to the final policy function, which is not stochastic.
19The term model-free indicates that the environment is not known to the actor. Only a set of observable
variables combined with the reward signals influence the action taken. An online algorithm interacts
with the environment while learning (trial and error principle). Off-policy means that the policy function
is updated relying on sampled experiences from previous policy functions in the iteration process. By
contrast, on-policy learning means that it only uses experiences generated by the latest learned policy
(behavioral policy).
TRemember that the linear version of (11) includes setting g = 1.
12This means that per critic and actor configuration, the algorithm runs 500 episodes, where each
episode represents a different policy function (a different agent) and only one has to be chosen.
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the episode stops automatically after a maximum of T = 12 quarters.'

Table 1: DDPG Algorithm

Initialization a) Randomly initialize critic network Q(x,|62) and actor P(x|6")
with weights 89 and 6
b) Initialize the target network Q' and P’ with weights 62 « 69 and 67" — 6
¢) Initialize experience replay buffer B

form=1:M
d) Initialize a random process N for action exploration
e)  Receive initial observation state xj, (z =1 or2)
fort=1:T
f)  Select action iy = P(x;|0") + N; according to the current policy
and exploration noise
g)  Execute action 7;, observe reward r; and observe new state x; 1
h)  Store transition (x;, i, 14, x¢11) in B
i)  Sample a random minibatch of N transitions (xj, i;, 7}, xj;1) from B
) Seth; =r(x;ij) + 7Q (xj41, P (xj11/07)[69)
k)  Update critic by minimizing the loss:
L= & (b — QU 1692
1)  Update the actor policy using the sampled policy gradient:
Vorl ~ 30 SYVIQ 109 s, imp(s Tor PO ]
m) Update the target networks:
09 — 102 + (1 - 7)o<
end for oY — 70F + (1 —1)0"
end for

Note: This scheme leans on Lillicrap et al. (2015) and is adapted to our variable and parameter specifica-
tion. It describes a training cycle of the Deep Deterministic Policy Gradient algorithm. See Appendix A
for details.

As indicated in step g), the reward r; is calculated according to our designed re-
ward function (14) in each step t. To measure performance for one training episode, the
episode reward is calculated as the sum of the rewards per step (ER,, = Y, ). During
training, we save the best-performing agents according to pre-specified criteria (see Ap-
pendix A). Subsequently, we calculate the steady state of each saved agent, representing
the long-term equilibrium of the economy, and derive the respective steady state reward
according to (14). We then select the agent with the best steady state reward per set of
critic nodes. Out of these ten results, we choose the optimal number of critic nodes (and
hence the final optimal policy function) according to the same criteria.

13We also experimented with smaller bands around the target values, but it produced inferior results.
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Tables A.1 and A.2 in the Appendix summarize all network structures and hyper-
parameters, including the chosen numbers of hidden nodes for the six different cases
under investigation. For most of our cases, having one node in the critic network yields
the best results. Our steady state reward approach further yields ten and eight nodes in
the policy function with observation inputs x} and x?, respectively.

2.3. Data

In our benchmark analysis, we use quarterly U.S. data from 1987:Q3 to 2023:Q2. The
chosen starting point coincides with the appointment of Alan Greenspan as the Federal
Reserve’s chairman, marking the beginning of the era of (implicit) inflation (and unem-
ployment) targeting (see Goodfriend (2004)). The terminating period was determined
by the last available data.

Inflation 77; is measured by the GDP implicit price deflator as the percentage change
from one year ago.!* The output gap y; is computed as the percentage deviation of
actual GDP from its potential. For the latter, we use estimates produced by the U.S.
Congressional Budget Office. The nominal interest rate i; is given by the effective federal
funds rate. For periods when the effective lower bound was binding, we use shadow
rate estimates of Wu and Xia (2016).1

We are aware of the difficulties arising from using ex post revised instead of real-
time data in a central bank’s reaction function, as mentioned by, e.g., Orphanides (2001).
However, we only use the complete data set to estimate the transition equations for
inflation and output gap (see 2.1.1). The reaction function itself is not estimated but
optimized. Hence, actual values only enter the reaction function in the RL algorithm
through the initial observation state of an episode (see step e) of Table 1). During the
subsequent learning steps, inflation and output gap data are simulated by our estimated
economy, drawing random shocks. The central bank only observes the values of 7w and
y, but does not know the nature of the shock.

3. Results

In this section, we begin by presenting the fit of the estimated economy represen-
tations. Subsequently, we compare the parameters of our reinforcement learning (RL)-
based optimal monetary policy functions to those of other common reaction functions,
before turning to historical counterfactual analyses.

4The Federal Reserve actually targets inflation measured by the personal consumption expenditure
(PCE) index. However, the GDP deflator is closer to the inflation in macroeconomic models that we
employ for analyzing the robustness of the optimized rules. For the same reason, we use the output gap
instead of the targeted unemployment rate.

15Time series were downloaded from FRED and Federal Reserve Bank of Atlanta websites. We per-
formed Augmented Dickey-Fuller (Dickey and Fuller (1979)) and KPSS tests (Kwiatkowski et al. (1992))
that indicated stationarity of the three series.
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3.1. Economy Representations

Before presenting our results on RL-based optimal monetary policy, we illustrate the
differences between our linear SVAR (6)-(7) and nonlinear (8) economy representations.
Table B.1 in the Appendix summarizes the estimation results for the SVAR representa-
tion. The Durbin-Watson and Lagrange Multiplier statistics indicate that the error terms
(representing the structural shocks) are serially uncorrelated. The drawback of ANNs
is that estimated parameters are more difficult to interpret. However, the SVAR repre-
sentation is restricted by its predetermined linear form and might consequently miss
certain dynamics of the actual time series data.

Figure 2 compares the fit of the SVAR model (in red) and the ANN economy (in
blue) for inflation and the output gap across different subperiods, specifically pre- and
post-COVID-19 crisis. We compute the differences between the fitted and actual time
series and plot the squared errors. Larger values can be interpreted directly as a worse
tit. While the difference between the SVAR and ANN models is less pronounced for the
output gap, the nonlinear model clearly yields a better fit for inflation.

Regarding timing, the results indicate that the ANN outperforms its linear counter-
part, especially during crisis periods. For the recession in the early 1990s following the
stock market crash in 1989, the years after the Great Financial Crisis (at least for infla-
tion), and more recent years including COVID-19 and the onset of the Russian war of
aggression, the ANN yields lower squared errors. While the ANN often cannot improve
the fit at the peak, it better matches the subsequent adjustment processes.

The superior performance becomes even clearer when comparing the mean squared
errors (MSE) in Table 2. Using the ANN to approximate the economy, the overall fit of
the output gap and inflation variables improves by 20% and 27%, respectively. Aver-
aging over the MSE for the output gap and inflation, the ANN outperforms the SVAR
by 21%. Table B.2 in the Appendix provides the respective results for the subperiods,
emphasizing the superior performance of the ANN regarding inflation in more recent
times. Since we use a validation set (see 2.1.1) to prevent the ANN from overfitting,
the result indicates the presence of nonlinearities that cannot be captured by the SVAR
model.1®

Visualizing these nonlinearities is not straightforward. The marginal relationship
between input and output variables in an ANN is not constant as in the linear case but
depends on the levels of the input variables. Since inflation and the output gap are
functions of five and four explanatory variables, respectively, all functional dependen-
cies cannot be plotted. However, we can visualize parts of it using partial dependence
(PD) plots. These plots show output predictions against a single or a pair of input vari-
ables by marginalizing out the effects of the remaining variables.!”

16The ANN also outperforms the SVAR by a similar magnitude when focusing on the validation set
only. Hence, the superiority of the ANN should not be due to overfitting the training sample.

7To produce these plots, we build a grid for inflation, output gap, and interest rate from 0:6, -5:3, and
-3:7, respectively, and compute the corresponding outputs of the ANN. We then assume constant values
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Note: This figure shows the squared errors between the actual time series and the fitted values of
the SVAR (red) and ANN (blue) model for the output gap (top row) and inflation (bottom row). The
two columns separates periods between pre and post COVID19 crisis (Pre Covid: 1987Q3-2019:Q1,
Post Covid: 2019:Q2-2023:Q2).

Table 2: Economy Fit: Mean Squared Errors

Representation MSE Output Gap MSE Inflation MSE Total

SVAR 0.935 0.090 0.512
ANN 0.748 0.065 0.407

Note: This table summarizes the mean squared errors of the linear SVAR (6)-(7)
and ANN (8) economy representations for the variables output gap, inflation
and the overall economy.
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Figure 3 represents PD surface plots for inflation and the output gap. As expected,
inflation increases with the output gap. For negative values of the nominal interest rate,
the slope is quite steep, while it is flatter for values closer to the zero lower bound, sup-
porting the view that the Phillips curve has flattened during these times. For nominal
interest rate values larger than 1, inflation decreases with tighter monetary policy as
expected. This channel is stronger the larger the output gap. Surprisingly, this is not
the case for negative values of the nominal interest rate. Here, we find that inflation in-
creases with the interest rate. Interpreting the shadow rate as a measure of quantitative
easing (QE), this would imply that QE is followed by a decrease in inflation instead of
an intended increase. One interpretation of this result could be that the central bank
reveals its concerns about deflation by implementing QE, actually reducing inflation
expectations of private agents. This corresponds to an output gap increasing with the
nominal interest rates in negative territory. Larger nominal interest rates only contract
output if the interest rate level is high and inflation is low. The output gap further de-
creases with inflation for low interest rate values, while the relation is flatter for higher
interest rate values. Of course, the figure does not represent causal relations, and results
for extreme (combinations of) values that are underrepresented in the sample should be
interpreted with caution. We must keep in mind that the ANN represents an estimated
relationship, driven by our sample observations, which may change over time. Still, the
plotted relations are an interesting outcome of our ANN economy that a simple linear
representation with a constant partial derivative could not produce.

3.2. Optimized Policy Parameters

We compute six optimal monetary policy rules in total: two linear ones within the
SVAR economy framework and four (two linear and two nonlinear) within the ANN
economy. We denote the policies based on our approach by RL, where the subindex
specifies whether it is based on the linear (SVAR) or the nonlinear economy (ANN), the
input structure, and the functional form (linear vs. nonlinear) used. No lag indicates
that observations x} serve as inputs, whereas one lag corresponds to x? (see (9)-(10)).
Linear Policies. Table 3 summarizes the optimized coefficients of the linear policy rules.
For comparability, we also present the coefficients of the original Taylor (1993) rule
(TR93) and the Balanced-approach (BA), both included in the Federal Reserve’s Mone-
tary Policy Report (MPR).!® Additionally, we consider a rule termed the inflation tilting
rule brought up by Nikolsko-Rzhevskyy et al. (2018, 2021) (NPP). The general form of

across lags and marginalize over the remaining variables to reduce the dimensions for the surface plot.
8The rules in the MPR actually contain the deviation of unemployment from its natural rate instead of
the output gap by using the Okun’s law relationship y; = 2 (u; — u}*). However, we stick to the version
with the output gap. Moreover, we abstract from a time-varying 7 and assume a constant value of 2 %
that enters the intercept. We also do not consider the price level targeting and the first-difference rules
of the MPR. While the former reflects a different monetary policy strategy in general, the latter is not
unambiguously defined since it translates previous deviations from the rule into a permanent part.
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Figure 3: Partial Dependence Surface Plot - ANN Economy
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Note: This figure shows the partial dependence of inflation (left), 7t¢, on last period’s nominal interest
rate (FFR), i;_1, and on the output gap, assuming y; = y;_1 and marginalizing over 71;_1 = 7;_3. On the
right, it shows the partial dependence of the output gap, y;, on last period’s inflation, 71;_1, and nominal
interest rate (FFR), assuming i;_; = i;—p and marginalizing over y;_1.
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Table 3: Linear Policy Parameters

Policy v  Br Px By By
TR 93 1 15 - 05 -
NPP 0 20 - 05 -
BA 1 15 - 1
RLsyAR nmotag 111 1.60 - 039 -
RLsyaR onetag  1.03 078 078 022 0.22
RLANN,molag 112 161 - 0.38

RLANN,onelag 111 0.83 0.84 0.14 0.14

Note: As introduced in the general policy function struc-
ture in equation (11), «p is the constant term, with ay =
r* — (Br —1)r*, and r* denoting the long-run equilibrium
real interest rate and 7r* representing the inflation target
of 2%. P, is the inflation and ﬁly the output gap coeffi-
cient with I = 0 indicating the contemporaneous period
and / = 1 the first lag.

these rules is given by iy = r* + B% (71; — 77*) + B yt, where r* and 7* denote the long-
run equilibrium real interest rate and the inflation target, respectively.

Interestingly, the RL-optimized linear policy parameters are robust across specifica-
tions. All of them have an inflation coefficient between 1.6 and 1.7 (B, = B% + BL).
Hence, they respond more aggressively to deviations of inflation from its target value
compared to TR93 and BA and less strongly than NPP. The output gap reaction coef-
ficient falls in the range of 0.3-0.4 (B, = 132 + ,B;), which is mildly lower than those
of TR93 and NPP, and significantly lower than that of BA. Using the intercept relation
ng = r* — (Bx — 1)7t*, one can further infer a value for the inflation target 7* or the
equilibrium real interest rate 7* by holding one of the two constant. Assuming 7% = 2,
the RL-implied r* ranges between 2.1% and 2.5%, which is slightly higher than the 2%
implied by the other rules.

Nonlinear Policies. As a final step, we allow the policy function to be of a nonlin-
ear form as shown in (11) with G(-) being the hyperbolic tangent transfer function.
The optimal agents with and without lags are denoted by RLANN,one,lag,nontin and
RL ANN, no,lag,nontin, tespectively. The coefficients of ANNSs are no longer directly inter-
pretable. However, we can still investigate the relationship between the input variables
and the nominal interest rate implied by the ANN using partial dependence (PD) plots.

Figure 4 represents PD surface plots for RLANN,uo,lag,noniin (left) and
RLANN, onelag,montin (right). The former rule has only two inputs, 71 and y;. Hence,
the inputs” influence on the output variable can be illustrated by a three-dimensional
surface plot without the need for marginalizing over other variables. For comparison,
we add the optimized linear policy RLANN,nolag to the plot. For the PD plot of
RLANN, one,lag,montin, We hold values constant over the lags of inflation and output
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gap.!? Our first observation is that even though we do not impose a zero lower bound
constraint on the interest rate, the nonlinear RL rules rarely enter negative territory on
our grid. The rule without lags prescribes negative values only for a combination of
very low inflation and output gap values. The rule with lags completely stays in the
positive domain. This corresponds to the fact that for most of the region, the nonlinear
rules imply larger interest rate values than their linear counterparts. The federal funds
rate (FFR) under the linear rules exceeds the nonlinear rules mainly for large inflation
values. One reason could be that the nonlinear rules stabilize inflation closer to the
target, such that they have never encountered larger inflation values during training.
Given that the output gap is closed, i.e., actual GDP equals potential such that y; = 0,
the FFR increases in both cases, reaching a value of about 7 at 71; = 71" = 2. As expected,
the implied interest rate declines on average when the output gap falls, especially in
negative territory and when combined with low inflation values. The profile is rather
flat when the output gap is positive. Figure 5 shows PD line plots for inflation and out-
put gap in each case by averaging over the respective remaining variable. Graphically,
these lines represent average cross-sections of the nonlinear policies in Figure 4. On av-
erage, prescribed interest rates increase with inflation and output gap. However, results
for both nonlinear rules suggest that it is optimal not to increase the interest rate if the
output gap is sufficiently large. Recall, however, that the algorithm may have never
encountered some of the extreme values. It can only provide locally optimal solutions.

3.3. Historical Counterfactuals

To evaluate our RL-based reaction functions, we compare their performance with the
actual interest rate setting behavior of the Federal Reserve and alternative rules. Often,
different policy rules are compared using a static setup, where data on inflation and the
output gap are simply plugged into each rule without considering any feedback mech-
anisms. However, such an analysis does not allow for conclusions on which policy is
best suited to reach target values. Therefore, we first conduct counterfactual analyses
that take into account the dynamics of inflation, the output gap, and the interest rate, as
well as feedback effects (Historical Counterfactual, HCF). This analysis predicates: start-
ing with the historical situation in 1987, what would have happened if the central bank
had followed the respective policy rules? Results for a static exercise are then added to
set up propositions about which central bank behavior would have been favorable in
certain historical situations (Static Counterfactual, SCF).

Within the HCF, similar to Primiceri (2005), we use our estimated transition equa-
tions (6)-(7) or (8) and the structural shocks thereof ¢;;,i = 1,2 to simulate the economy
under different reaction functions. Specifically, we replace the interest rate equation of
the dynamical system with the respective (optimized) policy rules, while keeping the
estimated equations for inflation and the output gap unchanged. We focus here on the

Note that since inflation and the output gap are (auto)correlated, the true partial relationship can only
be approximated. The PD plots further rely on the assumption that each input combination is equally
likely.
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Figure 4: Partial Dependence Surface Plot - Nonlinear vs. Linear RL Rules
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Note: This figure shows the partial dependence of the nominal interest rate, i, (FFR) on inflation, 7r¢, and
on the output gap, y:, under RLANN, no lag, nontin (1€ft). On the right, it shows the partial dependence of the
FFR under RLANN, one lag, nontin, Ot inflation and on the output gap, assuming 7; = 71;—1 and y¢ = yi—1.
The transparent plains represent the corresponding linear counterparts RLANN, nolag @0d RLANN, onelags
respectively.
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Figure 5: Partial Dependence Line Plots - Nonlinear Rules
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This figure shows the partial dependence of the nominal interest rate (FFR) under

RLANN, nolag, nontin (left column) on inflation, 71, (upper left) and on the output gap, y:, (upper right),
marginalizing over the respective remaining variable. The right column shows the partial depen-
dence of FFR under RLANN, onelag, nontin O1 inflation (bottom left) and on the output gap (bottom
right) , assuming 71; = 71 and y; = y;—1 and marginalizing over the respective remaining vari-

able.
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counterfactuals using the ANN economy (8) since this is our preferred specification.
Results for the linear SVAR economy are relegated to Appendix C. The dynamic coun-
terfactual simulation period lasts from 1987:Q3 to 2023:Q2.

Since we have to take the estimated structural parameters of the economy as given
and unchanged, the Lucas (1976) critique applies, i.e., the behavior of rational and
forward-looking private agents might be different when they take the change of policy
into account. However, we assume that the central bank as well as the private sector ex-
hibit limited rationality and hence believe that the effects of the Lucas critique are rather
small, since we do not compare policies from totally different regimes. By contrast, we
only change the policy within a period where inflation targeting was already practiced,
using the same technique as in, e.g., Primiceri (2005) and Sims and Zha (2006). Hence,
possible behavior modifications of private agents should be minor. Certainly, future re-
search should experiment with the economy framework, possibly incorporating a role
for rational expectations. Nevertheless, this section’s exercise can still be interpreted as
a proof of concept for the RL approach.

ANN Economy & Linear Policy. Figure 6 shows the counterfactual time series for the in-
terest rate, inflation, and output gap, respectively, for the different linear reaction func-
tions. All simulations are based on the estimated ANN economy in (8).

Starting with a situation where the interest rate is around 7%, inflation above target
( 3%), and the output gap below target ( -1), the interest rate paths prescribed by the
policy rules decline until the 1990s, which differs from the FFR set at that time. This
corresponds with inflation and the output gap declining earlier than actually observed,
bringing inflation closer to the target but creating undesirably low output gap values.
The rule performing the worst around 1991, after the stock market crash, is the BA.
Having a rather large weight on the output gap, the FFR drops drastically. In contrast,
the NPP with a large inflation focus performs second worst here, reflecting that the
optimal reaction coefficients lie between these two rules (see Table 3). Subsequently, all
rules prescribe similar rates, which are close to the actual ones, corresponding to the
great moderation narrative.

The dot-com bubble crisis in 2001 and the resulting recession again yield a drop
in the output gap and inflation, leading to a pronounced FFR drop under the BA. In
contrast to the previous crisis, however, the other rules maintain higher interest rate
levels than the Fed actually did between 2001 and 2005. As a consequence, the economy
is closer to target in that period following the RL rules, TR93, or the NPP, indicating a
too low for too long issue as raised by, e.g., Taylor (2007).2°

From 2007 onwards, the policy rule prescriptions start to differ much more from the
actual FFR path. It is well-known that following the financial crisis in 2007, the Fed
lowered the interest rate very quickly towards zero and started unconventional policy
measures as the crisis endured, leading to a negative shadow rate between 2008 and

20Note, however, that the simulated counterfactual values of inflation and the output gap differ from
the observed ones during that time due to the dynamic setup of this exercise.
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Figure 6: Actual and Counterfactual Series (ANN Economy, Linear Policies)
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2015. While the other policy rules mimic the sharp drop in the FFR initially, the interest
rate values return to normal levels quite quickly (around 2011) given that inflation was
close to target again. It seems as if the late and more moderate FFR reduction has a less
negative signaling effect on the economy, keeping the inflation drop smaller and allow-
ing it to stabilize around the target by 2011 while the negative output gap is constantly
reduced.

In the following years prior to the COVID-19 crisis, the policy rules show more vari-
ation in the FFR. While the Fed was trying to maneuver out of the ZLB slowly, the
other rules would have reduced the interest rates back from the previously higher lev-
els around 2015. The start of the COVID-19 crisis in 2020, indicated by a sharp drop in
the output gap and increasing inflation, causes all rules to increase their interest rates
earlier than the Fed did. This delay could have caused inflation to rise much more than
necessary (up to around 8%), whereas it stays below 5% following the other policy rules.

Table 4: Actual and Counterfactual Target Deviation and Loss (ANN Economy)

Policy N*(rt*, ;) A*(y*,y;) Loss
Actual 1.70 4.37 3.03
TR93 0.67 522 2.95
NPP 0.98 6.01 3.50
BA 2.72 9.08 5.90
RLANN, nolag 0.55 4.87 2.71
RLANN, onelag 0.62 4.56 2.59
RLANN, no lag, nontin 0.47 4.10 2.29
RLANN, onelag, nonlin 0.52 3.90 2.21
Note: A? denotes the mean squared deviation of the respec-
tive variable from its target value (7* = 2 and y* = 0).
The loss is calculated averaging over both: Loss = 0.5-

N2 (7T*, 1) 4+ 0.5 - A% (y*, yy).

Adding numbers to the descriptive analysis, Table 4 shows that RLANN, o, lag
(RLANN, one,lag) Teduces the squared deviations of inflation from its target by a remark-
able 68% (64%) compared to actual values. This is achieved by sacrificing some output
gap stabilization, as sticking to the linear optimized rule RLANN, one lag, its mean squared
deviation increases by 11% relative to actual data. RLANN,n0,1ag Teduces the impairment
with respect to the output gap to 4%. Looking at the other rules, the statistics prove the
oversteering by the BA resulting in unacceptably high deviations, while TR93 and NPP
improve upon the Fed in stabilizing inflation, whereas output gap values are too far off.
These results show that the optimized RL rules are capable of reducing the total loss
of the Fed policy by 11% and 15%, respectively, and thus yield the best results among
the linear rules. The trade-off between inflation and output gap stabilization is better
tackled by a larger (smaller) weight on inflation (output gap) (see also 3).
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ANN Economy & Nonlinear Policy. In Figure 7, we add the nonlinear RL optimized poli-
cies within the ANN economy to the linear ones, conducting the same dynamic coun-

terfactual.
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Figure 7: Actual and Counterfactual Series (ANN Economy, RL Policies)
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(RLANN, nolag, nontin: green, RLANN, onelag, nontin: petrol-blue) RL optimized rules within the ANN

economy. Actual refers to the historic time series (black).

A first glance at the results reveals that overall, the nonlinear RL rules
RLANN, nojlag,montin @A RLANN, one,lag,nontin Keep the interest rate at higher levels
(around 5-6%) than the linear RL rules. This is caused by, on average, slightly higher
output gap and inflation values. Taking a closer look at the Gulf War period in 1989, the
nonlinear RL rules increase the FFR moderately before starting a late but sharp drop.
Referring back to the visualization of the policies in 4, the sharp decline in the FFR re-
sults from inflation close to zero combined with a large negative output gap. During
the great moderation, the nonlinear rules prescribe larger interest rate values than the
linear ones. There is a negligible reaction to the dot-com bubble crisis, but a large drop
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after the financial crisis and the COVID-19 crisis, even briefly turning into negative ter-
ritory in the latter case. However, the interest rate under the nonlinear rules always
quickly returns to its previous value, which especially stabilizes inflation at the end of
the sample.

The overall result in Table 4 provides evidence that during the observed time span,
the RLANN, one,lag, nontin (RLANN, no,lag, nontin) Performs best (and second best) as it is able
to reduce loss compared to actual by 27% (24%). Both nonlinear rules are also able to
improve upon output gap stabilization, reducing the squared deviations by 11% (6%)
compared to actual, whereas inflation deviations improve even more compared to the
linear rules, reducing the actual loss by 69% (72%). This result demonstrates that al-
lowing the policy function to take on a nonlinear form has a positive impact on overall
performance. By allowing the FFR to react differently to inflation and the output gap
depending on the state of the economy, the trade-off between inflation and output gap
stabilization can be mitigated to some extent.

3.4. Static Counterfactuals

Thus far, we have conducted dynamic counterfactual analyses, wherein inflation and
output gap variables respond according to our estimated transition equations, resulting
in observations that differ from actual values. To analyze the interest rate implications
of optimized rules given realized values of inflation and output gap, we now turn to
a static counterfactual setup. By inputting quarterly data on inflation and the output
gap into each rule without considering any feedback mechanisms, we can directly com-
pare the different interest rate prescriptions to the actual behavior of the Federal Re-
serve. This approach is frequently employed in the literature to compute measures of
discretion (see, e.g., Nikolsko-Rzhevskyy et al. (2014, 2021) and Cochrane et al. (2019)).
However, it does not provide information on which policy is preferable.

Figure 8 plots the counterfactuals of all RL rules based on the ANN economy, as well
as the actual interest rate path (the counterfactuals based on the SVAR economy are in
Appendix D). While the actual path falls between the linear and nonlinear optimized
rules from the mid to late 1990s, all RL rules prescribe higher interest rates compared
to the actual path prior to the Great Financial Crisis, supporting the too low for too long
argument raised by, e.g., Taylor (2007). Moreover, none of the rules yield a persistently
negative interest rate afterward. They only briefly touch the zero lower bound (ZLB) in
2009 and prescribe much higher rates until 2019. The nonlinear rules exceed the linear
ones, reaching interest rate values close to 7% prior to the COVID-19 crisis, explained
by a closed output gap and inflation close to target. The crisis leads to a significant drop
in interest rates across all rules, down to below -2% due to the immense drop in output.
The response of the RL is similar in value but leads the actual one by some quarters.
As previously stated, we cannot draw conclusions on optimality from this figure. The
high level of uncertainty surrounding COVID-19 perhaps speaks in favor of a smoother
interest rate path than the RL rules recommend. At the end of the sample, interest rates
skyrocket under the linear RL rules due to historically high inflation rates. Nonlinear
RL rules suggest a more modest increase, reaching interest levels around 6
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4. Discussion

Taking a step back, we aim to analyze the differences between the results of the
conducted exercises, also laying out key assumptions on which our findings depend.

Starting with the representation of the economy, we have seen that ANNSs can serve
as a beneficial modeling tool. They allow us to capture nonlinearities while being agnos-
tic about the specific functional form, bringing the model closer to the data compared
to a standard SVAR, which is restricted to its linear structure. The nonlinear relation-
ships between inflation and output gap can influence the effects of monetary policy and
should therefore be taken into account when computing optimal interest rate reaction
functions.

We wish to emphasize that the RL optimized policies depend on the assumed loss
function and the underlying transition equations, as these are fixed during learning.
The interaction between policy design and expectation formation is certainly important
in practice and may alter our results. In the historical counterfactual exercise, we also
take the estimated economy representations as given. Different models lead to different
counterfactual paths, and quantitative results depend on the model chosen as well as
the respective data used to estimate it. We do not claim that the ANN economy is the
true model, nor do we intend to criticize the Fed’s monetary policy. Rather, our aim
is to provide a proof of concept of the RL algorithm within a data-driven economy
representation and to contrast the policy rules in varying settings.

Relying on our estimated nonlinear ANN economy, reinforcement learning finds
policies that perform well in such a world. The loss under the best-performing common
rule, TR93, is 3% smaller than the actual one. Nevertheless, it performs worse compared
to both of our optimized linear rules RLANN, no,1ag @d RLANN, one,lag, Where the latter
reduces the actual loss by 15%. This is achieved by a smaller reaction coefficient on the
output gap and a larger one on inflation compared to the TR93. The rules also perform
reasonably well in a DSGE model comparison exercise, as illustrated in Appendix E.

Concerning linear versus nonlinear policy rules, the losses resulting from the histor-
ical counterfactual suggest that nonlinear optimized policies are even better economic
stabilizers (Table 4). The best-performing rule, RLANN, one,lag, nontin, teduces the loss by
over 27%.

The success of the nonlinear RL rules is justified by their flexibility regarding the
degree of responsiveness to their input variables depending on their levels. As the
partial dependence plots (PDPs) suggest, there is a plateau around the target inflation
and output gap, where not much action by the central bank is required. The reaction is
stronger to the output gap when the latter is negative. The same holds true for inflation
when it is below target.

In the static counterfactual, our RL optimized rules imply that the Fed set interest
rates too low prior to the financial crisis. Moreover, our results speak against quantita-
tive easing, as the prescribed rules stay in positive territory. Regarding the response to
the COVID-19 crisis, the rules suggest that an earlier and potentially larger increase in
the nominal interest rate would have been optimal compared to actual monetary policy.
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This paper introduces a novel machine learning-based approach to deriving opti-
mal monetary policy reaction functions in accordance with a central bank’s preferences.
Initially, we demonstrate how artificial neural networks (ANNs) can be employed as
a modeling tool for transition equations, effectively capturing nonlinear interdepen-
dencies and thereby aligning the model more closely with empirical data compared to
a standard structural vector autoregression (SVAR). Subsequently, we apply reinforce-
ment learning (RL), a computational method for goal-directed learning from interaction
and optimal control.

Reinforcement learning is sufficiently flexible to accommodate various types of non-
linearities. Additionally, it does not necessitate perfect knowledge of the environment,
thereby mitigating the issue of model uncertainty. Consequently, RL retains many ad-
vantages associated with optimal control approaches while offering greater flexibility in
the design of the optimality problem. This flexibility is particularly beneficial for future
expansions involving an increased number of state variables, enabling the creation of
more realistic and complex environments.

Utilizing a nonlinear ANN representation of the economy, our optimized linear rules
are shown to reduce the central bank’s loss by up to 15%, while the best-performing
nonlinear rule achieves a reduction of over 27% compared to values implied by actual
data. Linear RL rules enhance inflation stabilization, albeit with a slight trade-off in
output gap stabilization. In contrast, the nonlinear RL rules are capable of reducing
deviations in both inflation and output gap compared to all other rules and the actual
central bank behavior. The static counterfactual analysis also supports the view that the
Federal Reserve maintained interest rates at excessively low levels over many periods.
Furthermore, the optimized rules suggest that an earlier and more pronounced increase
in the nominal interest rate would have been optimal since the onset of COVID-19.

Our paper should be regarded as a proof of concept for the application of RL to
monetary policy optimization problems, leaving ample scope for future research. The
Federal Reserve announced a shift to average inflation targeting and plans to review its
strategy approximately every five years. Future research could therefore consider loss
functions that incorporate an average inflation target. Additionally, one could explore
combining the advantages of economic modeling and RL by deviating from rational ex-
pectations and integrating a learning central bank with learning private agents within
a dynamic stochastic general equilibrium (DSGE) model. While this paper focuses on
reaction functions for the nominal interest rate, future research might also consider re-
action functions for unconventional monetary policy measures such as asset purchases.
The most evident step for future research is to incorporate more variables to broaden
the representation of the economy as well as the controlled variables of the central bank.
Unlike standard dynamic programming algorithms that suffer from the curse of dimen-
sionality, increasing the amount of data is unproblematic with deep RL.

Based on the promising results of this paper, we recommend incorporating rein-
forcement learning into the toolkit of central bankers for determining optimal monetary
policy reaction functions.
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Appendix (intended to be published as supplementary material)
Appendix A: DDPG Algorithm and Hyperparameters

Corresponding to Table 1, we would like to explain the DDPG algorithm in more
detail:

a) First, the actor parameters of = [,Bj, (Sj,aci] withj =1,...,gandi = 0,...,q are
initialized. Linear rules are initialized using the Taylor rule parameters. Nonlinear
rules’ parameters are initially set to one. The critic parameters §9 are randomly
initialized using the glorot function of Glorot and Bengio (2010).2! Biases are again
set to zero initially. Hereby, the actor and critic networks P(x|8”) and Q(x,i|6<)
are initialized.

b) As the stability of the Q-learning process is increased by using ’soft” target updates
instead of directly changing the calculated weights, copies of the actor (P'(x|6""))
and the critic Q'(x,1|#9)) are generated in order to calculate the target values.
Their parameters are initialized using initial 6 and 6.

c) The replay buffer B is also initialized in order to store the experiences of the agent
in a later step.

d) A major challenge of learning in continuous action spaces is exploration (Lillicrap
et al.,, 2015). The action taken at each time step t is therefore subject to some noise,
which encourages exploration of the actor and can be suited to the environment.
The underlying noise model \V is an Ornstein-Uhlenbeck process with mean zero.
To encourage exploration, it is common to set the variance between 1% and 10 %
of the action range, which is 18 in our case. Hence, we choose a variance of 1,
while the variance decay rate stays at default.

e) To keep the analysis close to reality, we initialize the observational states x§, z € 1,2
by randomly drawing pairs 71p and yp from our data series. This approach can be
interpreted as challenging the algorithm with different economic situations from
our data set as a starting point for training. As further lags are required to compute
the next state using our economy representations, we also initialize these from the
data.

f) The action is computed based on the current policy function parameters, inputs
plus a random noise:

ir = P(x:]0F) + i (A1)

g) The previously chosen action and the state enter the environmental equations,
i.e. our linear (6) and (7) or ANN economy (8). The next observations x;.1 =
(7T1+1,Y1+1) can be calculated. Note that this simulation includes random shocks,
with mean zero and variance equal to that of the estimated shocks.

21The glorot initializer independently samples from a uniform distribution with zero mean and variance
2/(InputSize + OutputSize). In our case, the denominator depends on the number of critic nodes.
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h)

i)

j)

k)

)

The data tuple (xy, it, 7¢, X;41) is then stored in the replay buffer B.

As information mass can become a problem in such a continuous setting, the algo-
rithm learns on mini-batches drawn from the replay buffer. This buffer contains
only a certain amount of samples and drops the oldest when it is full. A minibatch
of size N is sampled uniformly from the buffer B and is used to update actor and
critic at every time step. We use the default values of 10000 and N = 64 for the
experience buffer and mini-batch sizes, respectively.

For each sample in the minibatch, £; is calculated according to

hi = r(xj, i) + 7Q (xj41, P (xj41]07)69). (A2)

It is composed of the reward in j plus the discounted future reward, presuming
adherence to the present target actor and critic networks. The discount factor is
set to v = 0.99 (default).

When calculating the squared deviations of (h; — Q(x;, i]-|6Q)), one evaluates the

performance of critic parameters 69 versus the target critic parameters 6.
1 ,
L = 5 25— Qx;,j169))* (A3)
J

By minimizing this loss function L, also called Bellman residuum, the critic pa-
rameters are updated. The speed of parameter adjustment is given by the learn
rate, which is set to 0.000025.

The policy gradient, i.e. the gradient of the policy’s performance with respect to
the coefficients 07, is calculated using the chain rule:

1 . .
Vel ~ 1 SUVIQU 109 s, i—pe Vor P10 msy ], (Ad)
j

where | denotes the expected cumulative discounted reward from the initial state.
Differentiating the critic with respect to the nominal interest rate i and multiplying
the derivative of the policy function with respect to the policy parameters yields
the policy gradient. This gradient determines the update of the coefficients. By
taking small steps at each iteration in the direction of the negative gradient of
the loss, the loss function is minimized and the parameters are optimized. The
applied optimizer is the adaptive moment estimation or adam (see Kingma and Ba
(2014)). The learn rate is identical to the critic learn rate.

Both target network (actor and critic) weights are adjusted through a slow tracking
of the actual networks’ parameters: 0/ «— 70 + (1 — 7)0’, 7 < 1. This means that
the target values are constrained to change slowly, greatly improving the stability
of learning (Lillicrap et al., 2015). In our case, T = Ty = 0.001 are set to default
values.
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Agent Selection Criteria. During the RL routine, we save the best agents. Specifically,
we save all agents during training that fulfill the following criteria. First of all, the
episode reward (ER;,) divided by the episode steps (ES;;) has to be larger than -4, i.e.
ER;;/ESy > —4. According to our reward definition in (14), this is equivalent to an av-
erage (per step) inflation and output gap deviation from target of two percentage points
and corresponds to the inner part of the reward function that is not further punished.
We choose this criteria to be rather loose as we do not want to discriminate agents that
start from worse initial states, i.e. from states further away from the targets. Moreover,
we require 1 < ES;;, < 13 to avoid, on the one hand, choosing an agent that reached the
target coincidentally after one step because of a close to target initial state. On the other
hand, the episode shall be terminated, i.e. the episode stopping criteria are reached,
before the maximum number of steps per episode is reached.

Table A.1: Chosen Numbers of Hidden Nodes

Economy Policy Structure Policy Inputs Critic Nodes Actor Nodes
SVAR Linear (ye, 1¢) 1 1
SVAR Linear (Yt, Vi1, T, TT4—1) 1 1
ANN Linear (Y, 7T¢) 1 1
ANN Linear (Yt, Yi—1, 7T, TT4_1) 2 1
ANN Nonlinear (ye, 1¢) 1 8
ANN Nonlinear (e, Vi1, T, TTp—1) 1 10

Note: This table summarizes the chosen number of neurons for the neural networks rep-
resenting the critic and the policy function. The decision rules for the optimal numbers
are described in the main text.
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Table A.2: Network Structure and Hyperparameters

Network Structure Hyperparameters
Critic Observation Path imagelnputLayer
fullyConnectedLayer Nodes: n
tanhLayer
fullyConnectedLayer Nodes: n
Action Path imagelnputLayer
fullyConnectedLayer Nodes: n
tanhLayer
fullyConnectedLayer Nodes: n
Common Path concatenationLayer
fullyConnectedLayer Nodes: 1
General Initializer: Glorot
Learn Rate: 0.000025
Gradient Threshold: 1
Optimizer: adam
Actor Linear Version imagelnputLayer
fullyConnectedLayer Nodes: 1
Nonlin. Version  imagelnputLayer
fullyConnectedLayer Nodes: n
tanhLayer
fullyConnectedLayer Nodes: 1

General

Initializer: He
Learn Rate: 0.000025
Gradient Threshold: 1

Optimizer: adam

Note: This is an overview of the critic and actor network structures (c.f. 2.1.2) applied within
the DDPG algorithm. The number of nodes (1) is varied over different training cycles and
the resulting optimal number of nodes is shown in Table A.1. The gradient threshold is the
threshold value for the gradient of step 1) in the algorithm. If the gradient exceeds this value,
itis clipped. This limits the parameter change in a training iteration. For more information
regarding the adam optimizer, see Kingma and Ba (2014). Hyperparameters not mentioned
here are kept at Matlab’s default values and settings.
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Appendix B: Estimation Results

Table B.1: Estimation Results of Restricted SVAR

Parameters Estimates p-Values

Output gap

Ccv 02751  0.2333
ay | 0.7683  0.0000
al -0.0569  0.4336
aly 0.1902  0.0000
al, 0.1809  0.0014
R? 0.7248

MSE 0.9686

DW 2.1473

LM(1) 13539  0.1720
Inflation

cT 02168  0.0031
al, 0.1202  0.0000
ay -0.1033  0.0000
at, 1.5504  0.0000
a’, -0.6344  0.0076
a7, -0.0041  0.7427
R? 0.9416

MSE 0.0940

DW 2.2447

LM(1) 13539  0.1720

Note: This table shows the estimation re-
sults of our linear economy represented
by a restricted recursive SVAR(2).
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Table B.2: Economy Fit: Mean Squared Errors

Representation MSE Output Gap MSE Inflation MSE Total
Pre Covid Post Covid Pre Covid PostCovid Pre Covid PostCovid

SVAR 0.309 5.861 0.202 0.443 0.256 3.152
ANN 0.277 4.460 0.176 0.296 0.226 2.378

Note: This table summarizes the mean squared errors of the linear SVAR ((6)-
(7)) and ANN ((8)) economy representations for the variables output gap, in-
flation and the overall economy for the two different subperiods (Pre Covid:
1987Q3-2019:Q1, Post Covid: 2019:Q2-2023:Q2).

Appendix C: Historical Counterfactual - SVAR Economy & Linear Policy

This section presents the counterfactual simulation results using the estimated linear
SVAR economy in (6)-(7). Figure C.1 shows the simulated time series for the interest
rate, inflation and the output gap, respectively, under the different reaction functions.

First, it is remarkable that the interest rate level (top panel) with both optimized rules
is, on average, larger than the actual federal funds rate and interest rate prescriptions of
other rules. This, presumably, is caused by the combination of a relatively large constant
term and larger coefficients on the input variables (see Table 3). Further, RLsyaR, noiag
yields a smoother interest rate series than RLgyAR, one1ag, Which might be explained by

the latter having coefficients with different signs on the output gap (,B(y) and ﬁ;) At the
beginning of the sample, TR93, NPP’ and BA produce interest rates slightly below, while
our rules yield rates above the actual one. In relative terms, all rules share the drop in
the interest rate after 1989, which mirrors the recession following the stock market crash.
Between 1993 and 1999, the actual interest rate increases and draws closely to our op-
timized policies. Subsequently, the interest rate drops across all rules following the dot
com bubble crisis. After that, the common rules change from running below to above
actual. With respect to magnitude and time, however, they lag behind the optimized
policies” interest rate increase. By explicitly including a ZLB during RL, it seems as if
the policy rules increase the scope of monetary policy action by raising interest rates
before the financial crisis. Through this behavior, our optimized policies support and
affirm the too low for too long argument put forward, for example, by Taylor (2007).

What is actually of greater interest to us are the counterfactual inflation and output
gap series, because these can be used to evaluate the performance of the RL reaction
function. Looking at inflation, the paths under RLsyaR, no1ag and RLsyAR, one1ag @re very
similar and both produce values smaller than in the data. Between 1987 and 1991 and
after 2003, the induced inflation is closer to the target of 2 %, while from 1995 to 2000,
the Fed’s actual behavior produced better inflation values. We find similar results for
the output gap. The values induced by the optimized policies lie above the common
rules and the data. Mostly, this yields values closer to the target of zero.
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Figure C.1: Actual and Counterfactual Series (SVAR Economy)
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Note: Starting with 1987:Q3, this figure shows FFR, inflation and output gap series from a dynamic
counterfactual analysis of common rules (TR93: red, NPP: yellow, BA: green) and optimized linear
rules (RLsyag, notag: blue, RLsyAR, onelag: purple) within the SVAR economy. Actual refers to the
historic time series (black).

Actual TR93 NPP BA RLSVAR, no lag RLSVAR,DneIag
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In order to draw a final conclusion about the performance of the RL policy functions,
we look at the squared deviations of the counterfactual series from the respective targets
and the resulting overall central bank loss, i.e. the reward defined in (14) multiplied by
(-1). Table C.1 summarizes the results.

Table C.1: Actual and Counterfactual Target Deviation and Loss (SVAR Economy)

Policy N (%, 7y)  A*(y*,y;) Loss
TR93 2.44 6.87 4.66
NPP 2.85 9.69 6.27
BA 3.44 17.46 1045
RLsvAR,nolag 2.22 5.28 3.75
RLSVAR, one lag 2.14 5.02 3.58

Note: A? denotes the mean squared deviation of the
respective variable from its target value (7* = 2 and
y* = 0). The loss is calculated averaging over both:
Loss = 0.5 A?(7t*, 7t1) + 0.5 - A2(y*, yr).

We find that the optimized RL rules yield smaller squared deviations from target
than these observed in the data. The other rules perform worse than the actual course,
only the NPP rule yields a slightly lower squared deviation of inflation from target. In
terms of the output gap, the RLsyag, no1ag Tule slightly decreases the volatility around
the target. The other rules perform worse. Calculating the loss, i.e. averaging over the
squared deviations from target values, allows us to rank policy functions. Within the
SVAR economy framework, the simple optimized rule RLsyaR, no1ag performs best with
a loss of 1.80, followed by RLsyaR, onelag- Both rules yield an improvement compared to
the actual monetary policy (Loss = 1.91). All other common policy rules are inferior.
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Appendix D: Static Counterfactual

Figure D.1: FFR and Prescriptions from Common and RL Rules based on SVAR Economy
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Note: This figure shows the static counterfactual of several common and the optimized policy rules
within the linear economy. Actual refers to the FFR time series (black). In red we show the results of the
Taylor (1993) rule (TR93), in yellow we see the inflation tilting rule (NPP) and the balanced approach
(BA) is shown in green. Our optimized policy rules are depicted in blue (RLsyag, noiag) and purple
(RLSVAR,one lug)'
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Appendix E: Model Comparison
E.0.1. Model Comparison

Optimal monetary policy is always related to an environment, that,in the best case,
closely reflects real-world relationships. So far, we have provided a linear SVAR en-
vironment and an ANN environment, with the latter producing the superior data fit.
Hence, we postulate that the optimized policy rules based on the ANN economy are the
better suited choice. Nevertheless, our ANN environment is just one economic model,
and an optimal policy rule is required to be robust with respect to model uncertainty.
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We therefore conduct a model comparison analysis, evaluating each policy rule’s per-
formance over 11 macroeconomic DSGE models.??> The DSGE framework also allows
for a true counterfactual analysis as the Lucas (1976) critique does not apply here.

E.0.1.1. The Models

We want our set of models to be manifold with respect to size and specific features
like financial frictions. Therefore, we include models developed prior to and after the
financial crisis. For this analysis we make use of the Macroeconomic Model Data Base
(MMB) by Wieland et al. (2012, 2016).

Pre-crisis Models. First, we use a simple linear Keynesian model with backward-looking
dynamics (Rudebusch and Svensson (1999)), which is compatible with our empirical
setup. As the authors show, this estimated model explains U.S. data on inflation and
GDP quite well. We refer to this model as RS99. Next, we consider a small forward-
looking New Keynesian model (Levin et al. (2003)) and call it LWWO03. Given their
structure with three equations and the same variables as in our setup, they are well
comparable to our economy specification. We further include the medium-scale DSGE
model by Smets and Wouters (2007) (SW07) with a larger number of equations, variables
and shocks. It can therefore better explain variation in key macroeconomic variables
and data dynamics.

Post-crisis Models. Finally, we also add several medium and large-scale DSGE models
that were developed after the financial crisis and which are more complex, includ-
ing e.g. financial frictions. In total, we test out policy rules in 8 post-crisis models.
The post-financial-crisis model by Ctirdia and Woodford (2009) (CW09) contains finan-
cial frictions and allows for a spread between savers and borrowers. The second large
DSGE model by lacoviello and Neri (2010) (IN10) focuses on the housing market and
its spillovers to the rest of the economy. IN10 contains financial frictions in the house-
hold sector and multiple shocks. The model by Cogan et al. (2010) (CCTW10) includes
rule-of-thumb consumers and the fiscal sector allows for the analysis of fiscal multipli-
ers. Gertler and Karadi (2011) (GK11) introduce a detailed banking sector with financial
intermediaries facing endogenously determined balance sheet constraints. GK11 fur-
ther contains unconventional monetary policy measures such as governmental asset
purchases by the central bank (quantitative easing). Next, we include the model by
Christiano et al. (2014) (CMR14), which builds on SW07 and adds a financial acceler-
ator mechanism as in Bernanke et al. (1999). There is idiosyncratic uncertainty in the
return on capital of individual entrepreneurs. CMR14 identifies capital risk shocks to
be the main driver of business cycles. Del Negro et al. (2015) (DNGS15) also build on
SWO07, adding financial frictions as in Bernanke et al. (1999) and a time-varying infla-

22We would like to stress at this point that optimal in our case does not refer to a social planner’s
optimal policy in terms of maximizing welfare. Rather the focus is on fulfilling pre-determined target
values and providing stability. Results therefore crucially depend on the given loss function.
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tion target.”> We add another model emphasizing fiscal policy by Fernandez-Villaverde
et al. (2015) (FGKR15), which includes government expenditure and various taxes as
instruments. Finally, we include a large multi-country model, which is used by the
International Monetary Fund (Carabenciov et al., 2013). IMF13 consists of six small
country models integrated into a single global market. Special features are for example
an unemployment sector, different exchange rates and varying lending options. Finan-
cial spillovers between regions are also considered. A more detailed description of all
considered models can be found on the MMB web page.?*

E.0.1.2. The Policy Rules

Common & Optimized Rules. The general form of the policy function added to the models
looks as follows:

it = B% A + Br 1 + By Ji + By Je-1. (E.1)
Note, that this is a log-linearized version of the original policy function, i.e. the variables
represent now log-deviations from their steady states (denoted by hats). Obviously, the
constant term in this equation vanishes through the log-linearization around the steady
state. We now represent the same common policy rules as in the previous analyses:
TR93, NPP and BA. Additionally, we evaluate the RL optimized linear policy versions
in the model context.?> The respective coefficients for (E.1) are given in Table 3.

Optimal Simple Rules. In addition to the aforementioned policy rules, we also calculate
optimal simple rules (OSR) for each model used in the comparison.?® We consider two
structural forms which lean on the structure of our RL optimized policy rules (a stan-
dard Taylor type rule and one including lags):

A~

it =3 qo% 7/7\.} + QDS ]//\t (EZ)
i o= QLA+ QLA+ gog Ve + QD; Vi 1. (E.3)

By solving
mggn Var(7ty) + Var(yy) + Var(Aiy) (E.4)

2The time-varying inflation target vanishes for our analysis as we exchange the monetary policy rule
with our rules.

24Gee http://www.macromodelbase . com

ZUnfortunately, although producing the best results in the dynamic counterfactual, our nonlinear pol-
icy rules cannot be evaluated in the DSGE model context. Due to their nonlinear structure, they would
require nonlinear model equations and higher order approximation. Hence, we exclude the nonlinear
policy functions from the model comparison exercise. For the same reason, we exclude the ZLB restric-
tion of our rules.

26Except for R599 and CMR14 since it is not possible for these.
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subject to (E.2) or (E.3), we find the optimal response coefficients ¢ for each model.?” The

resulting coefficients are given in Tables E.2 and E.3 in the Appendix. We also compute

the mean and the median over the models” OSR coefficients. Since some models require

extraordinary large coefficient values, we consider the median to be the better summary

statistic over the models. Comparing these to the common rules, the weight on the

output gap is quite large, while the inflation coefficient is comparable to the NPP rule.
Table E.1 summarizes the results.

Table E.1: Unconditional Variances Relative to TR93

All Models Pre-crisis M. Post-crisis M.
Policy Var(iy) Var(my) Var(y) Lpyi Lny | Liyi Lay | Lnyi  Lny
OSRiuo1ag 0.89 0.61 0.72 074 0.66 | 1.00 090 | 0.69 0.63
OSRonelag 0.80 0.54 0.57 064 055|079 067 | 056 0.49
NPP 0.90 0.60 1.11 087 0.85| 090 091 | 0.86 0.83
BA 1.36 1.34 0.59 1.10 096 | 1.23 1.07 | 1.05 0.93

RLsvaR molag ~ 0.17 0.18 108 1.13 156 | 144 099 | 0.88 1.01
RLsyaR onelag ~ 4:31 3.77 071 293 224|418 208 | 231 233
RLANN,notag ~ 1.15 1.15 011 114 113 | 153 142 | 099 1.02
RLANN,onelag ~ 0.78 0.74 134 095 1.04| 1.18 107 | 087 1.03

Note: We calculate the unconditional variances for the nominal interest rate, inflation and the output gap
in each model, divide these values by the TR93 values in the respective model and then average over all
models. These results are given in columns 1 to 3 (Var(?,g), Var(7t), Var(Jr)). Ly, denotes the relative loss
as an average over all three relative unconditional variances, while L, only averages over inflation and
output gap variances. Columns 6-9 report the relative losses for pre- and post-crisis models separately.
Results for RLsyAR, one1ag are based on a smaller subset of models due to Blanchard Kahn issues.

27 As coefficients on inflation and output gap become unreasonably large otherwise, we include the
variance of interest rate changes in the objective. Moreover, we consider equal weights on each variance.
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Table E.2: OSR Parameters: No Lag Policy

Model % 9y

LWWO03 125 1.99
SWO07 203 0.24
CWO09 6.87 4.63
IN10 3.39 8.06
CCTW10 224 0.29
GK11 1092 6.18
IMF13 2.02 1.00
DNGS15 140 2.67
FGKR15 1.68 0.47

Average 3.53 2.84
Median  2.03 1.99

Note: This table shows the policy coefficients resulting from the OSR analysis,
minimizing unconditional variances of inflation, output gap and interest rate
changes. The policy at hand is obviously the one with two inputs and no lagged
variables. We also show the calculated mean and median of the coefficients
over the models.

Table E.3: OSR Parameters: Policy with Lags

Model A

LWWO03 093 073 131 1.03
SW07 1.23 1.31 0.83 -0.29
CWO09 342 319 216 1.68
IN10 3.03 205 4.60 3.76
CCTW10 157 138 074 -0.07
GK11 1146 11.04 083 6.01
IMF13 1.57 142 0.75 0.56
DNGS15 1.00 0.78 1.87 1.76
FGKR15 050 168 045 051
Average 275 2,62 151 1.66
Median 1.57 142 0.83 1.03

Note: This table shows the policy coefficients resulting from the OSR analysis,
minimizing unconditional variances of inflation, output gap and interest rate
changes. The policy at hand is obviously the one with four inputs and lagged
variables. We also show the calculated mean and median of the coefficients
over the models.
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