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ARTICLE INFO ABSTRACT

JEL classification: We analyse shock and parameter uncertainty in a Dynamic Stochastic General Equilibrium
E52 (DSGE) model by exploratory modelling and analysis (EMA). This method evaluates in a novel
ES8 way the performance of monetary policy under deep uncertainty about the shock and model
612 parameters. Scenarios are designed based on the outcomes of interest for the policymaker. We
Reywords: assess the performance of different policies on their objectives in the scenarios. This maps out the
SMCZEZ:?S] policy policy trade-offs and supports the central bank in making robust policy decisions. We find that in

response to a negative supply shock, policies with low interest rate smoothing and a strong

Exploratory modelling
response to inflation most obviously contribute to price stability under deep uncertainty.

Deep uncertainty

1. Introduction

We contribute to the growing literature on monetary policy under deep uncertainty by applying exploratory modelling and analysis
(EMA) to a dynamic stochastic general equilibrium (DSGE) model. DSGE models are a common tool for central banks to explain
economic dynamics and forecast them. EMA is commonly used for policy problems in environmental sciences when deep uncertainty
plays a role. It differs from existing methods that deal with uncertainty in structural macroeconomic models, like DSGE models, in
several ways. Exploratory modelling assumes that existing information is insufficient to specify a single model that accurately de-
scribes system behaviour. Instead, it generates a set or ensemble of models or model-based inferences that are plausible or interesting
in the context of the analysis (Bankes, 1993; Bankes et al., 2013). Selecting a particular model out of an ensemble of plausible ones
requires making suppositions about factors that are uncertain or unknown. EMA considers continuous ranges for the model parameters
and shock values, identifies combinations of them in scenarios that are of interest to the policymaker, and applies a distinct way of
evaluating the performance and robustness of different policy strategies. Multiple extensions of this EMA approach have been
developed in recent years (see Bartholomew and Kwakkel, 2020). To the best of our knowledge, EMA has not yet applied to DSGE
models before.

With regard to uncertainties in DSGE models, the literature usually considers uncertainty in only one or a few features of the model.
Xiao et al. (2018), for example, incorporate predefined uncertainties, such as technology uncertainty and fiscal policy uncertainty, as a
set of discrete values for each uncertainty. To deal with parameter uncertainty, a Bayesian econometric approach (which can be
applied in a limited information setting) and Markov-Chain Monte Carlo analysis have been applied to DSGE models, for instance by
Boivin and Giannoni (2006) and Christiano et al. (2010). Some studies apply a sensitivity analysis to DSGE models, such as Capek et al.
(2023) and Ratto (2008).
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Next to parametric uncertainty, the central bank has to deal with shock uncertainty. Giannoni (2007) simulates the effects of a
variety of exogenous shocks, instead of a single exogenous innovation, with a New Keynesian DSGE model. He considers the uncer-
tainty of the relative importance of each shock, as well as uncertainty about the persistence in the shock processes. In a related study,
Grassi et al. (2016) select shocks in a DSGE model to avoid the estimation bias arising from imposing non-observable shocks. These are
generated by non-existing exogenous processes. Carceller del Arco and Van den End (2023) assess the robustness of monetary policy
assuming deep uncertainty about the relative contribution of demand and supply shocks to inflation.

Hansen (2014) distinguishes uncertainty inside from uncertainty outside a model. In the later case agents have a lack of knowledge
about the model parameters or the model specification. There is fundamental uncertainty because the underlying distributions are
unknown, which goes with an unknown event space and indeterminate outcomes. This uncertainty refers the modelling uncertainty,
implying there is a host of possible models (see for instance Wieland et al., 2012). To deal with this model ambiguity, the policymaker
gives subjective probabilities across models and averages and updates them by Bayesian techniques. Relatedly, Wieland et al. (2012)
develop a computational approach to compare well-known empirically estimated DSGE models. We focus on shock and parameter
uncertainty and abstract from modelling uncertainty. This is motivated by the need to use a basic DSGE model as a testbed for
demonstrating the application of EMA. Using a parsimonious model makes it easier to identify the trade-offs and mechanisms driving
robsut policy performances.

Also under deep uncertainty, policymakers have to design policies to achieve the desired policy goal. Kwakkel et al. (2016) state
that deep uncertainty means that the various decision makers do not know or cannot agree on the system and its boundaries, the
outcomes of interest and their relative importance. Moreover, the prior probability distribution for uncertain inputs to the system is
unknown (Lempert et al., 2003; Marchau et al., 2013), Moreover, under deep uncertainty, decisions are made over time in dynamic
interaction with the system and cannot be assessed independently (Haasnoot et al., 2013; Hallegatte et al., 2012). This calls for robust
policies that achieve desired outcomes also under deep uncertainty. Maier et al. (2016) states that robustness can be thought of as a
measure of the insensitivity of the performance of a given policy strategy to future uncertain states of the world.

A well-known strategy for dealing with deep uncertainty in economic models is robust control. Dennis et al. (2009) and Olalla and
Gomez (2011) apply robust control to a New Keynesian model to study the effect of model uncertainty in monetary policy. Another
way to assess this uncertainty is info-gap theory, which aims at satisficing instead of optimising the outcome (Ben-Haim et al., 2018).
Several studies investigate the design of robust policies based on DSGE models, such as Gorajski et al. (2023). Robustness of policies is
quantified on the basis of their average or maximum welfare loss for different assumed states of the world. Based on observed data they
estimate distributions within which the parametric uncertainties can be located.

We apply EMA methods to address parametric and shock uncertainty in a DSGE model. The basic idea of exploratory modelling is to
run a model that describes the policy problem a large number of times with different input values (i.e. values of model parameters and/
or shocks that represent the uncertainties). The sampled input values span the range of the uncertainties. Thereby the model is used as
a device to capture relevant uncertainties by enumerating a range of possible assumptions and systematically exploring the impli-
cations of them via large numbers of computational experiments (Moallemi et al., 2020). Subsequently, the set of model outcomes is
analysed by various statistical techniques. This helps to understand the effects of specific uncertainties on the outcomes (following
Kwakkel and Jaxa-Rozen, 2016).

As it is the first attempt to apply EMA to DSGE models, our study is exploratory by nature. We investigate what can be learned by
applying EMA methods to DSGE models and how the central bank can implement EMA in its interest rate policy. We illustrate this by
applying EMA to specific policy problems for which the central bank uses a DSGE model. In our framework the central bank steers the
policy levers in order to robustly meet the policy objectives. This is done by a many-objective optimisation approach, which searches
through the range of values of the policy levers (i.e., the parameters in the Taylor rule) and by examining potential trade-offs between
different policy objectives.

An important feature of robust decision making is that the policy performance is evaluated in different states of the world (Homaei
and Hamdy, 2020; Lempert et al., 2006). EMA provides for this by directed search. This method investigates the policies and sets of
actions that the policymaker can take to achieve certain objectives under deep uncertainty (Kwakkel, 2017).This is useful because the
policy that has the most desirable performance on a specific objective in one scenario is not necessarily the best policy. It may be
possible that this policy underperforms in many of the other scenarios and hence is not robust optimal. We assess the performance of
different policies by several metrics for robustness to deep uncertainty. The uncertain future states of the world are driven by scenarios
that capture the uncertainty about the model parameters and shock values. In our case, we assume that the shock values relate to a
negative supply shock. We investigate how the central bank should set the interest rate under those conditions to achieve its objectives.
So, we find the robust optimal values for the policy levers: the smoothing parameter and inflation response parameter in the Taylor
rule.

Based on EMA open exploration, we find that states with low price flexibility and high shock persistence determine the outcomes
that are of interest to the central bank. Such states are associated with relatively large deviations of the output gap and inflation from
steady state and thus with a failure to achieve the policy target. Based on EMA directed search, we find the values for the policy levers
(i.e., the input parameters that the central bank can influence) that effectively influence the economic dynamics following a negative
supply shock. Under deep uncertainty, a rather strong response to inflation contributes to the inflation objectives, while low interest
rate smoothing contributes to both the inflation and output gap objectives. Both policies are also robust to uncertain states of the world.

The remainder of this paper is structured as follows. In Section 2 we explain the DSGE models and the EMA framework, as well as
the policy objectives of the central bank. In Section 3 we apply the EMA open exploration methods and in Section 4 the directed search
methods to the monetary policy problem in the context of the DSGE model. In Section 5 we discuss our approach in a broader context.
Section 6 concludes.
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2. Methodology
2.1. DSGE model

DSGE models are a common tool for central banks to explain economic dynamics and forecast them. The models are also used for
storytelling and policy simulations (Del Negro and Schorfheide, 2013). The basic New Keynesian DSGE model consists of three
equations: one for demand, supply, and the policy rule (Gali, 2015). Many extensions of DSGE models have been developed, featuring
different economic structures and additional variables such as investment, employment, and real wages (Smets and Wouters, 2003).
For specifying a DSGE model, the policymaker has to make assumptions about the economic state and the behaviour of economic
agents and translate those into model parameters. It is common for policymakers to take the economic model with certainty,
considering fixed values of the parameters and the median or mean of a posterior distribution (Gorajski et al., 2023; Taylor and
Williams, 2010).

The basic three equations DSGE model describes the behaviour of households, firms, and the central bank in setting the interest
rate. The model is calibrated around a steady state with 2 % inflation, and, after deviating from this steady state following a shock, it
will return to this equilibrium. We assume that the main goals of the central bank are price stability and balanced economic conditions.
These are operationalized by policy objectives, like the objective to minimise the deviation of inflation from the steady-state level. The
central bank aims at these objectives by setting the interest rate, which follows a conventional Taylor rule. The parameters of the
Taylor rule are the policy levers in the model.

As benchmark model we take the simple New Keynesian DSGE model described by Gali (2015). It comprises three equations that
model the output gap, inflation, and interest rate in a dynamic fashion.

~ ~ 1,.

Ye= E()’wl)*g(lt*E(ﬂtH)*Tf) (@D)
m= PE @)ty Yo+ p )
i = pi1+(1 _Pr)(fﬂ””t ‘Hﬂyyt) 3)

Where y, and , represent actual output and inflation as deviations from their steady state values and i, the nominal policy interest
rate. The definition of the output gap differs from the one used in theoretical DSGE models, where output gap is defined as the dif-
ference between output under sticky prices and under flexible prices. Our definition of the output gap is applied in empirical models as
a measure of slack to which monetary policy responds to address inflationary demand pressures. This definition of the output gap fits
best with our approach to explore trade-offs between the inflation and output objectives. Furthermore y represents a mark-up (supply)
shock which follows an AR(1) process with persistence parameter p,,. E(-) is the expectations operator, assuming agents have rational
expectations. Parameter ¢ is the inverse intertemporal elasticity of substitution, $ is the discount factor, r]' the equilibrium interest rate
and y a time preference parameter. The latter is defined asy = (y (v — 2) + 0)/(1 — 2), with y the elasticity of labor supply and z the
targeted share of impatient agents. This refers to the fraction of agents with a higher discount rate and (lower patience) compared to
other agents. In the model we assume a fixed value of z. Parameter « is the degree of price stickiness, with x = (1 —w)(1 —)f /w and »
the Calvo parameter. The latter reflects the share of firms that does not adjust their price (prices are sticky), implying that a low value
of w is associated with more flexible prices.

The central bank reacts with full and credible commitment according to a standard Taylor rule, with smoothing parameter p, and
with ¢, and ¢, being the policy response parameters for inflation and the output gap (i.e., the weight the central bank puts on inflation
and the output gap respectively in the reaction function). These parameters are set by the central bank and represent the policy levers
in the model.

We assume that the economy is hit by a negative supply shock y (e.g. a cost-push shock), which leads to higher costs of production.
This decreases the aggregate supply of goods. If aggregate demand remains constant while supply falls, the price level rises, and the
economy experiences stagflation (falling output and rising prices). This is a policy problem, since the combination of falling output and
rising prices confronts the central bank with a potential trade-off between the objectives of price stability and balanced economic
conditions. Applying EMA to this problem reveals which uncertainties are associated with this trade-off and which stance of the policy
-levers is most effective to address it.

2.2. EMA framework

We explore the use of EMA for DSGE models and identify steps that a central bank has to take to incorporate EMA into the policy
practice. Two methods can be distinguished in EMA: open exploration and directed search. In open exploration, the model is run for a
large number of different combinations of uncertainties (the scenarios) and, optionally, policies. Directed search investigates the
policies and sets of actions that the policymaker can take to achieve certain objectives (Kwakkel, 2017).

2.2.1. Open exploration

EMA dissects the model and the policy problem into different components: uncertainties, scenarios, levers, policies, outcomes,
objectives, and robustness metrics. The uncertainties are the uncertain model parameters and shock values (which we both assign
ranges of values to) and their distribution. We take the parametric uncertainties and the shock uncertainties of the DSGE model into
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account. The different uncertainties together form the uncertainty space, as shown in Fig. 1. A scenario is a point in this uncertainty
space: it comprises a combination of values for the different uncertainties.

The (policy) levers are parameters or components of the model that the policymaker can influence. We also assign a range and a
distribution to these parameters. The levers form a decision space (comparable to the uncertainty space), and a policy is represented by
a point in this decision space. In our case, the central bank controls the interest rate by the policy levers in the Taylor rule and the
different policies thus refer to the interest rate strategies of the central bank.

Running the model for one scenario and one policy is referred to as an experiment, and for each experiment, a set of model out-
comes is obtained. When designing a policy, it is important to identify the interests of the central bank. These are translated into
objectives, i.e., outcomes of the model the policymaker wants to minimise or maximise, and robustness metrics; the criteria on which
we assess the robustness. Like the policy levers and uncertainties, the outcomes and objectives form their own spaces: the outcome
space and the objective space.

In theory, the whole uncertainty and/or decision space can be explored. This can be conducted by picking scenarios and policies at
random, for instance, by Latin Hypercube sampling (McKay et al., 1979). This method first divides the ranges of each parameter into
separate segments, thus dividing the uncertainty and decision space into separate spaces, or cells, all having the same probability of
being chosen. The latter implies that a uniform distribution is imposed on the parameter and shock values, which fits with deep
uncertainty in the sense that simulated values are equally likely in a uniform distribution. The sampler then picks a random value in a
randomly chosen cell.!

By open exploration, we conduct experiments that span the range of the uncertainties in the uncertainty space (Kwakkel and Pruyt,
2015). For this, we assign a range and a uniform distribution to the uncertain parameters, based on their expected true value. Then, we
analyse the outcome space to see how the outcomes behave for different combinations of parameter and policy lever values. To un-
derstand the effect of uncertainties on the outcome space, scenario discovery is applied (Bryant and Lempert, 2010; Kwakkel and
Jaxa-Rozen, 2016). Scenario discovery defines a subspace of the uncertainty space that illuminates the vulnerabilities of a proposed
policy (Dalal et al., 2013). In other words, with scenario discovery, common input space properties are identified across ensembles of
exploratory model runs (Steinmann et al., 2020).

From the outcome space, a specific feature is selected that the policymaker wants to explore because this feature is of interest to
him. Such a feature can be an outcome that exceeds a certain critical value and thereby conflicts with a policy objective. Experiments
that share this feature can be compared. To illustrate this, in Fig. 2, the dots in the uncertainty space (right) represent scenarios
(combinations of uncertain parameters in the absence of policies), and the dots in the outcome space have their corresponding out-
comes. The area of the outcome space of interest for the policymaker is marked by the red dashed rectangle. In this area, including the
larger yellow dots, there are 11 experiments (the larger blue dots in the uncertainty space.) with ol being greater than 3. So the
policymaker can identify regions in the uncertainty space that are of interest in terms of the outcome (Bryant and Lempert, 2010;
Kwakkel et al., 2013). This means that a certain feature of the outcomes forms the basis of scenario discovery.

A method to find scenarios (i.e., combinations of the uncertainties) with common characteristics of the outcome variables is
behaviour-based scenario discovery. This method identifies clusters of the inflation and output gap that have common characteristics.
The clusters are formed by time series clustering methods that use similarity metrics, as described by Steinmann et al. (2020), which
clusters time series based on their behaviour across time. The patient rule induction method (PRIM) then identifies the ranges of the
parameter and shock values that distinguish the outcome dynamics in each cluster (see Friedman and Fisher, 1999 and Kwakkel et al.,
2016). PRIM identifies the range of parameter values of the uncertainties that determine the outcome clusters. It does so by searching
for a set of subspaces (boxes) within the uncertainty space with an outcome value that significantly differs from its average outcome
value in the domain (Kwakkel and Jaxa-Rozen, 2016). The subspaces of the uncertainty space provide a range of the parameter values
that form a box of an outcome cluster that is significantly different from parameter ranges of other outcome clusters.

So, scenario discovery by time series clustering and PRIM identify the combination of parameters and shock values (i.e., the
scenarios) that are of interest to the policymaker. It reveals clusters of the outcome variables that may conflict with the policy ob-
jectives. Thereby, these methods provide useful information for designing policies to prevent such outcomes.

2.2.2. Directed search

Directed search investigates the uncertainty space to find policy strategies that satisfy the objectives (Kwakkel and Pruyt, 2015).
The same scenario can, under different policies, result in different outcomes. In Fig. 3, the uncertainty space of two uncertainties (ul
and u2) results in three different outcome spaces (o1 and 02) due to three different policies (p1, p2, and p3). For instance, policy 1
creates an outcome space that spans over a relatively large range of outcome 1 and has relatively high values for outcome 2. Note that,
whereas we know the distributions of the uncertainties (we assume a uniform distribution), we do not know the distributions of the
outcomes in the different outcome spaces. This distribution of outcomes can differ per policy.

An optimal policy can be designed by searching for combinations of policy levers that optimise the objectives. The outcomes of
these Pareto optimal policies in the objective space is the Pareto front. Each point on this front is an outcome from which the poli-
cymaker cannot deviate to improve the performance of one outcome without reducing the performance of another outcome. The exact
Pareto front is unknown but can be approximated by optimisation methods. We refer to these approximations as Pareto optimal

1 Latin Hypercube sampling can also be used with non-uniform distributions. Each grid cell will then keep the same probability, but the grid cell
size/volume will differ. We assume a uniform distribution since we first want to know what could happen and what the impact is before we deal
with the likelihood of this.
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Fig. 1. Uncertainty space formed by three theoretical continuous uncertainties ul (range (0,3)), u2 (range (0,3.5)), and u3 (range (0,4)). Two
possible scenarios are shown: S1(ul=u2=u3= 1), and S2 (ul=1.5; u2=2.5; u3=2).
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Fig. 2. Uncertainty space and outcome space of a model with 2 uncertainties, 2 outcomes and no policy levers. For illustration, 100 scenarios
(experiments) (dots in the uncertainty space) and their corresponding results (dots) in the outcome space are visualized. Our region of interest in the
outcome space (red, dashed rectangle) consists of the results (yellow-filled larger dots) of 11 experiments (blue-filled dots in uncertainty space).
These experiments lie in the blue, dashed area, but not all experiments in this area result in o1 > 3.

solutions. Finding these optimal policies is a multi-objective optimisation problem (Statnikov and Matusov, 2012).

It is important to assess policies on their robustness in different states of the world. To evaluate the robustness, we use the taxonomy
of robustness frameworks of Herman et al. (2015). It first generates the optimal combinations of the policy levers by many-objective
search. Then, it generates states of the world and conducts a vulnerability analysis. We base the comparison of the different policies in
terms of their robustness on three robustness metrics: regret, satisficing and descriptive metrics (Kwakkel et al., 2016).

2.3. Application to DSGE model

We apply both open exploration and directed search to a monetary policy problem in the context of the DSGE model specified in
Section 2.1. EMA allows us to assess the DSGE model under deep uncertainty in different ways compared to existing approaches. For
instance, EMA does not use a welfare-loss function, which is a common approach in DSGE models to quantify losses in terms of de-
viations of inflation and the output gap from target (as the canonical loss function in Gali, 2015). Instead, EMA considers specific policy
objectives that are of interest to the policymaker and compares the policy performance and robustness for each objective. Robustness
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Fig. 3. Three outcome spaces associated with the same uncertainty space under different policies (p1, p2, and p3).

metrics reflect the sensitivity of the policy performance to future uncertain states of the world (McPhail et al., 2018). In addition,
exploratory modelling analyses the (combined) input parameters, i.e., the scenarios, based on their outcome. This allows for selecting
scenarios based on outcomes that are policy relevant. This differs from common ways to select scenarios for simulating policy problems
in macroeconomic models, which usually start from choosing input parameters and then analyse the outcomes.

Our approach differs from studies on optimal monetary policy, which usually compare the performance of actual policy or
empirically estimated policy rules with optimal policy counterfactuals in terms of a welfare loss function (see for instance Clarida et al.,
1999). Optimal monetary policy studies usually explore the trade-offs between two policy objectives, like inflation vs output gap
stabilization (Svensson, 2002). EMA does not use a welfare-loss function, but considers multiple policy objectives that are of interest to
the policymaker seperately and compares the policy performance and robustness for each objective. This provides scope for assessing a
wider range of policy objectives and trade-offs, compared to the (usually) predetermined loss function specifications in traditional
optimal monetary policy analyses.

We assume that policy objectives of interest to the central bank are price stability and balanced economic conditions. A central bank
with a price stability objective will aim at inflation reverting back to steady state following the shock, in the medium-term (assumed to
be the policy horizon of three years). In addition, we assume that the central bank wants to avoid deflation (Krugman and Wells, 2021).
Moreover, in our approach, the central bank tries to keep inflation and output close to their steady state levels over the entire policy
horizon and to limit deviations across time. This should contribute to keeping inflation expectations anchored. Lastly, for the benefit of
trust in the central bank, it aims at a monetary policy response that achieves the policy target in different states of the world. The latter
is typically assessed by robustness metrics (to be discussed in Section 4.2).

The policy objectives are summarized as follows:

. Annual inflation rate around 2 % at the end of the policy horizon (12 quarters);

. Limit deviations of inflation from steady state level;

. Limit output gap deviations;

. Limit period-to-period changes in inflation;

. Limit period-to-period changes in the output gap;

. Avoid deflation (minimise periods with deflation);

. Similar performance of the policy response, irrespective of state of the world (robustness).

NO U~ WNH-

This ordering of the objectives does not present a hierarchical list of objectives, since the focus on a certain (set of) objectives will be

L: Policy levers

Smoothing parameter of interest rate
Policy response to inflation

v

X: Exogenous uncertainties R: Relationships M: Measures
. New Keynesian DSGE model Inflation at time t = 12
Parametric uncertainty 1 4 IS curve 14 Extreme deviations
Shock uncertainty Phillips curve Variance over time.
Taylor rule Inflation within desired range

Fig. 4. XLRM framework of the problem. X represents the exogenous uncertainties, L the policy levers, R the internal relations, and M the measures
(or objectives) of the model.
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dependent on the preferences of the policymaker and the state of the economy. Moreover, in our analysis the policy objectives are
evaluated independently.

The policy objectives are summarized in Fig. 4 (right-hand box) by measures reflecting the inflation target at t = 12 (Objective 1);
measures for the deviation from target (Objectives 2 and 3); measures capturing the change of inflation and output (Objectives 4 and
5); and measures related to keeping inflation within a certain range, i.e., in positive territory (Objective 6).

The objectives that most align with the traditional loss function approach are Objectives 2 and 3. These objectives refer to the
inflation and output gap objectives in the traditional Taylor rule. Objectives that are usually not captured by traditional methods are
the change of inflation and output (Objectives 4 and 5) and the objective to keep inflation within a certain range (Objective 6).
Traditional monetary policy rules, i.c. the typical Taylor rule, include deviations of inflation and output from their target. Alternative
policy rules take into account higher-moment objectives, like variance minimization or asymmetric preferences regarding inflation
outcomes (e.g. positive versus negative inflation outcomes).

The stylized framework in Fig. 4 connects the DSGE model to EMA. It distinguishes the exogenous uncertainties (X), policy levers
(L), the relations I, and the measures (M) in an XLRM framework.

All parameters, excluding policy levers, are considered uncertainties. We assume that according to the central bank’s preferences,
only the interest rate smoothing parameter and the policy response to inflation are used as policy levers.

Based on EMA, optimal policy can be designed by searching for combinations of policy levers (L) and their calibrations that
optimise the objectives. The search for these optimal policies is a multi-objective optimisation problem. In combination with simu-
lations of many scenarios for parameter and shock values (uncertanties X), this can be seen as a multi-scenario - many-objective
approach (Bartholomew and Kwakkel, 2020). This differs from traditional optimal monetary policy analyses in several ways. First,
traditional optimal monetary policy analyses construct counterfactuals to find the policy rate path that, conditional on the baseline
projections, delivers the best outcome (De Groot et al., 2021). Second, traditional optimal monetary policy analyses apply robustness
checks for only specific uncertainties (such as policy preferences, the formation of expectations, the transmission mechanism, price
rigidities, or the extent of interest rate smoothing (Sack and Wieland, 1999).

The policy objectives are analysed by directed search in Section 4.1, based on the model outcomes the central bank wants to
minimise or maximise. Finding optimal policies is pursued by optimising the objectives through a many-objective optimisation
approach. The robustness of these optimal policies is assessed by robustness metrics in Section 4.2.

3. Results open exploration

This section presents the results of the open exploration of the DSGE model. We analyse the effects of a negative supply shock, as an
example of how EMA can be applied in monetary policy analysis. A negative supply shock is an interesting case to analyse, as this shock
implies a trade-off for monetary policy between the inflation and output objectives. We take the uncertainties into account by
simulating 15,000 experiments of the parameter and shock values. Latin Hypercube is used for the randomization of the values. This
method requires a large number of experiments to cover the whole uncertainty space. We balance covering the whole uncertainty
space with the computational time by conducting 15,000 experiments by Latin Hypercube sampling.

The uncertainties and their ranges included in the open exploration are shown in Table 1. The simulation of the values is based on
uniform distributions, with mean values based on values commonly used in (calibrated) DSGE models.

Taking into account the uncertainties, the paths of the output gap y, and inflation z, shows a large dispersion following a negative
supply shock (Fig. 5). Whereas most experiments result in paths of the output gap that approach the steady state from below (asso-
ciated with a negative deviation in line with economic intuition), the initial responses of the output gap to the shock differ a lot. There
are also many scenarios in which the output gap shows a positive response initially. This can be explained by the parameter and shock
values in experiments that lead to the monetary policy rule reacting to inflation in a weak (low ¢,) or delayed manner (high p,). Such
policy responses may fail to properly counteract inflationary pressures and are likely associated with a temporary increase of output. It
refers to the indeterminacy of monetary policy (see for instance Benhabib et al., 2001). In contrast to the results for the output gap, the
responses of inflation to the negative supply shock show almost no negative deviations, while the positive deviations have a much
wider range. The positive response of inflation to the negative supply shock is in line with economic intuition.

Behaviour based scenario discovery identifies clusters of inflation and the output gap that have common characteristics. The
clusters are formed by time series clustering methods, as explained in the previous section. A certain minimal set of scenarios is needed
in each cluster to provide reliable information, and hence, we only take into account clusters that contain at least 500 experiments.
This results in two clusters for both the output gap and inflation. The clustering of the output gap reveals that the outcomes in cluster 1
are characterised by relatively small deviations from steady state, while the outcomes in cluster 2 display somewhat larger deviations
(Fig. 6). Although there is not much difference between the behaviour of the output gap in both clusters, the central bank would be
most interested in cluster 2, taking into account the objective of limiting output gap deviations.

In the case of inflation, the behaviour in the clusters is more distinct (Fig. 6). Inflation in cluster 2 displays more positive deviations
from steady state than in cluster 1. Inflation in cluster 2 is also more persistent, as it takes more time for inflation to revert to the steady
state. Hence, the central bank would be most interested in cluster 2, taking into account the objectives of limiting deviations of
inflation from steady state and limiting period-to-period changes in inflation.

We apply PRIM to identify the parameter ranges that distinguish the clusters of the output gap and inflation dynamics. Each
subspace, or box, in the uncertainty space, is uniquely formed by the parameters that best describe this subspace. The subspaces are
bounded by a parameter range, of which the quasi-p-value indicates whether the restriction to describe the box (i.e., the number of
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Table 1

Model uncertainties for open exploration.
Parameter Distribution Lower limit Upper limit
Discount factor Uniform 0.95 1
Inverse of marginal elasticity of substitution Uniform 1 2.5
Calvo parameter Uniform 0.6 0.95
Autoregressive term of supply shock Uniform 0.5 0.95
Inverse Frisch elasticity of labor supply Uniform 0.6 1.5
Targeted share of impatient agents Uniform 0.2 0.5
Policy response to inflation Uniform 1 2.5
Smoothing parameter policy interest rate Uniform 0.5 1

Output gap over time after a negative supply shock Deviation from 2% annual inflation rate over time for a negative supply shoc
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Fig. 5. Output gap (left panel) and inflation (right panel) after negative supply shock, including uncertainty.
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Fig. 6. Two clusters for the output gap (left panel) and inflation (right panel) following a negative supply shock. Cluster 1 is coloured blue and
cluster 2 red.

uncertain parameters imposed) is statistically significant.

Applying PRIM to the two clusters of the output gap results in the parameter ranges shown in Table 2. With the exception of the
Calvo parameter, the parameter ranges in clusters 1 and 2 are almost similar to the whole range of uncertainties. It implies that the
parameter ranges in the different clusters largely overlap, which limits the use of this exercise for the output gap. From the Calvo
parameter in cluster 1 (which is characterised by small output gap deviations), we infer that output gap deviations are likely small if
prices are more flexible (which is the case when the Calvo parameter is low).

Applying PRIM to the inflation clusters results in the parameter ranges shown in Table 3. Like for the output gap, several of the
parameter ranges are largely similar to the full range of uncertainties. The most obvious distinctions between the two clusters show up
in the Calvo parameter and the persistence of the supply shock. In cluster 1, prices are more flexible (lower Calvo parameter) than in
cluster 2. Fig. 6 shows that in cluster 1, inflation more likely has smaller deviations from steady state than in cluster 2. Combining this
with the PRIM results implies that larger price flexibility limits upward risks to inflation in case of a negative supply shock. Inflation
risks are also contained if the shock persistence is lower. This conclusion is drawn from the inflation outcomes in cluster 1 (in which the
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Table 2
Uncertainty ranges for the output gap clusters.
Parameter Range Cluster 1 Cluster 2
Calvo parameter [0.6 - 0.95] [0.6 - 0.77*%*
Smoothing parameter [0.5 1] [0.5 - 0.95*
Autoregressive factor of supply shock [0.5 —0.95] [0.5 —0.89
Inverse Frisch elasticity of labor supply [0.6 - 1.5] [0.65 - 1.5%]
Coverage 0.454 0.627
Density 1.00 0.655

* indicates a p-value smaller than 0.05.
" indicates a p-value smaller than 0.01.

Table 3

Uncertainty ranges for the inflation clusters.
Parameter Range Cluster 1 Cluster 2
Calvo parameter [0.6 - 0.95] [0.6 - 0.817**] [0.88%** - 0.95]
Autoregressive factor of supply shock [0.5 —0.95] [0.5 - 0.83%**] -
Policy response to inflation [1 -2.5] [1.2%%* - 2.5]
Smoothing parameter [0.5 —1] [0.5 - 0.98]
Discount factor [0.95 - 1] [0.95 - 0.99%*]
Coverage 0.454 0.299
Density 1.00 0.953

* indicates a p-value smaller than 0.05.
" indicates a p-value smaller than 0.01.

deviations from steady state are contained) and the PRIM outcome in Table 3, which shows that the value of the autoregressive term in
the supply shock equation is lower in cluster 1.

To conclude, the scenario discovery indicates that the outcomes of interest for the central bank are located in inflation and output
gap clusters 2. In those clusters, the output gap and inflation deviate relatively more from steady state, which may conflict with the
policy objectives. The PRIM exercise shows that cluster 2 outcomes are associated with relatively low price flexibility and (with regard
to inflation) high shock persistence. This suggests that under deep uncertainty, the central bank should focus its interest rate policy on
states of the world that comprise low price flexibility and high shock persistence to prevent outcomes that conflict with the policy
objectives. This corresponds with the literature on optimal monetary policy analysis, which concludes that the output/inflation trade-
off is highly sensitive to the degree and nature of the persistence in inflation (Clarida et al., 1999).
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Fig. 7. The vertical line of each policy objective represents the range of all outcomes for that objective, for all policies. The coloured curves
connecting the vertical lines represent different policies, which cross the vertical lines at the value of the policy outcome for that objective. The
crossing of the curves at the vertical lines indicate the performance of the optimal policies. For an objective that is minimised (maximised), the lower
(upper) boundary of the outcome range is at the bottom (top) of the vertical line. The range of the vertical line is adjusted if there is a certain
minimum or maximum value, such as the number of quarters in which deflation occurs and quarters in which inflation lies within a certain domain
(both have a range of [0,12]).
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4. Results directed search
4.1. Optimal policies

This section discusses the results of the directed search, which is the search for Pareto optimal policies after a supply shock. The
search is first conducted in the baseline scenario (assuming no uncertainty), for the policy objectives specified in Section 2.3. We search
over the range of the policy levers embedded in the Taylor rule: i.c. the response to inflation ¢, and the interest rate smoothing
parameter p, (these levers are no uncertainties but values chosen by the central bank). Then, we introduce deep uncertainty by
examining how the policies perform in the 15,000 scenarios for the uncertainties in the parameter and shock values. Finally, we assess
the robustness of chosen policy strategies.

The performance of the different policies under the baseline scenario assuming no uncertainty is visualised in Fig. 7 (the coloured
curves connecting the vertical lines represent different policies). The Figure shows the trade-off between optimising the inflation-
related objectives and optimising the output gap-related objectives. This comes to the fore in the crossing of the curves between
’largest change inflation’ and 'y max’. It shows that the objective of minimising the period-to-period change in inflation conflicts with
aiming at limiting output gap deviations. This reflects the typical trade-off for monetary policy when it faces a negative supply shock.

For different combinations of policy levers (¢, and p,) the performance on an objective can be compared. Fig. 8 plots the per-
formance on an inflation objective (i.e. limiting deviations of inflation from steady state, in the left panel) and an output gap objective
(i.e. limiting deviations of the output gap, in the right panel) for different optimal policies. The larger and darker the dots, the better the
policy performance. The trade-off clearly shows up, as the preferred policies for one objective are the least preferred policies for the
other objective. In addition, the optimal policies form a triangle, implying that there are no Pareto optimal policies that combine a
relatively high ¢, (ie a strong policy response to inflation which is desirable for the inflation objective) and low p, (ie low interest rate
smoothing which is desirable for the output gap objective). This directed search method provides scope for assessing a wider range of
policy objectives and trade-offs compared to the (usually) predetermined loss function specifications in traditional optimal monetary
policy analyses.

Based on their performance on the objectives, we end up with four policies that are optimal for a specific objective. Table 4
summarizes the values of the policy levers ¢, and p, that distinguish the four policies, next to the baseline (policy 0). As shown in Fig. 8,
the policies that optimise inflation objectives have a higher value of ¢,, while the objective of limiting output gap deviations requires a
lower value of p,.

Table 4 shows that policies 1 and 3 have comparable values for ¢, and p,. Policies 1, 2, and 3, which are optimised for inflation
objectives, are most responsive to inflation (high ¢,). Policy 4, which is optimised for the output gap objective, has a substantially
lower inflation response parameter. Both policies 3 and 4 have a relatively low level of interest rate smoothing (p,), which — according
to the finding in Fig. 8- serves the output gap objective.

Fig. 9 shows what the different values of the policy levers imply for the interest rate paths. The rate paths of policies 1 and 3 largely
overlap. The interest rate path under policy 4 — the output gap optimising policy — is markedly higher than under the other policies.
This is explained by the effect of ¢, and p, on inflation in the DSGE model. A low value of these parameters, as in policy 4, causes large
deviations of inflation from the steady state, because low values of both policy levers imply that the interest rate initially is set too low
to stabilise inflation after a negative supply shock. As a consequence, the central bank has to raise the interest rate quite aggressively to
stabilise inflation over the policy horizon.

Next, we assess how the four policies perform under deep uncertainty, i.e., in the 15,000 scenarios for the parameter and shock
values. Fig. 10 shows the areas of the outcomes for inflation (left-hand panels) and the output gap (right-hand panels). The blue areas
reflect the outcomes of the baseline policy, and the red areas reflect the outcomes of the other four policies. The dashed lines capture
the outer boundaries of 90 % of the results.”

The results show that policies 1, 2 and 3 (that are optimal for the inflation objectives) generally yield a lower inflation level than the
baseline policy. Compared to the baseline, inflation is clearly higher with policy 4. This indicates that a low response to inflation (¢,),
as in policy 4, is not desirable for a central bank focusing on price stability under deep uncertainty. Important to note is that inflation at
the end of the policy horizon (¢t = 12) is within an acceptable range for all policies.

Policy lever p, (interest rate smoothing) is low in case of policies 1, 3 and 4. Policy 2 has a higher p, than policies 1 and 3, but a
similar value of ¢,. Since the inflation deviations under policies 1 and 3 are somewhat smaller than under policy 2, the outcomes
suggest that low interest rate smoothing contributes to the price stability objectives. This result differs from the finding of Orphanides
and Williams (2007), who conclude that a more aggressive response to inflation and higher degree of interest rate smoothing would be
optimal for price stability in a situation with imperfect knowledge about certain model parameters. In a similar vein, Sack and Wieland
(1999) find higher interest rate smoothing being an optimal strategy to stabilize output and inflation. However, a more aggressive
monetary policy through lower smoothing may be needed if there is uncertainty about the persistence of inflation (Tetlow, 2018). A
high responsiveness to deviations of inflation from target can prevent an adverse shock from destabilizing inflation expectations. This
aligns with the strand of robust control literature that finds that interest rate policies derived through min-max are more aggressive
compared to those derived under no uncertainty (see for instance Dennis et al. (2009) and Olalla and Gomez (2011)).

With regard to the output gap, policy 4 results in lower deviations from steady state compared to the baseline policy. Also,

2 Because the distributions of the uncertainties are not validated, the 90% statistic is less meaningful than in case of a known underlying
distribution.
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Fig. 8. Policy levers (on the x and y axes) and policy performance (on the z-axis). Inflation objective (limiting deviations of inflation from steady
state) in the left panel. Output gap objective (limiting output gap deviations) in the right panel. The policymaker prefers a small value for both
objectives. The policy outcome for the objective is reflected in the size of the dot (bigger dot is preferred option) and colour (darker colour is
preferred). The trade-off emerges as the colours and sizes in both panels are almost inverted.

Table 4
Selected policies and the values of their levers. Policy 3(4) aims at limiting the deviations of inflation (output gap) from steady state.
Policy Description Policy response to inflation Smoothing parameter interest rate
0 Baseline 1.5 0.8
1 All quarters inside inflation domain 1.961096 0.544366
2 Lowest inflation at time t = 12 1.981912 0.778116
3 Best inflation 2.000000 0.500000
4 Best output gap 1.098116 0.500231
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Fig. 9. Interest rate paths under different policies that are optimised for a specific objective.

compared to policies 1, 2 and 3, policy 4 is more effective in limiting output gap deviations. This indicates that monetary policy
characterised by a low response to inflation and low interest rate smoothing contributes to the output gap objectives.

4.2. Robustness

In this section, we assess the robustness of the four policies introduced in the previous section. The policies were optimised con-
ditional on the absence of uncertainty. However, assuming deep uncertainty makes it imperative to evaluate the robustness of the
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Table 5
Regret metrics for different policies. Least regret per metric in italics. The objective maximum inflation (output) refers to limiting the deviation of
inflation (output gap) from the steady state level.

Policy Regret maximum inflation Regret inflation at time t = 12 Adjusted regret inflation at time t = 12
Policy 0 0.468 0.012 0.012

Policy 1 0.029 0.022 0.022

Policy 2 0.152 0.004 0.004

Policy 3 0.000 0.024 0.024

Policy 4 1.057 0.157 0.157

Policy Regret change inflation Regret maximum output Regret standard deviation output gap
Policy 0 0.226 0.075 0.000

Policy 1 0.012 0.095 0.000

Policy 2 0.113 0.079 0.000

Policy 3 0.000 0.105 0.000

Policy 4 1.173 0.000 0.000

Table 6

Satisficing metrics (fraction of cases out of 15,000 scenarios that satisfy the threshold) for different policies. Highest outcomes in italics. For quarters
without deflation, the threshold is 0 quarters; for 12 quarters in the inflation domain, the threshold is 12 quarters; and for inflation at time t = 12, the
threshold is whether inflation is between 2 % and 4 % annually.

Policy Quarters without deflation 12 quarters in inflation domain Inflation at time ¢t = 12 in domain
Policy 0 0.062 0.062 0.726
Policy 1 0.815 0.815 0.964
Policy 2 0.168 0.168 0.785
Policy 3 0.930 0.930 0.990
Policy 4 0.798 0.760 0.908
Table 7
Descriptive statistics for inflation objectives. Preferred values in italics.
Policy Inflation at time t = 12 Maximum inflation Largest change inflation
Mean Standard deviation Mean Standard deviation Mean Standard deviation
Policy 0 0.010 0.017 0.759 0.240 0.302 0.025
Policy 1 0.016 0.026 0.471 0.162 0.126 0.028
Policy 2 0.008 0.013 0.562 0.171 0.216 0.024
Policy 3 0.017 0.027 0.450 0.158 0.114 0.028
Policy 4 0.065 0.108 1.143 0.397 0.249 0.022

policies in different states of the world. This assessment is based on various robustness metrics. For objectives with a continuous range,
a regret metric is used. This metric measures how well the policy performs compared to best performing policy for each scenario. For
objectives with a discrete range or that include a threshold, we use a satisficing metric. This metric reflects how many experiments
have a desired performance. Lastly, we use some descriptive measures to assess the robustness of the policies.’

The overall finding based on the robustness metrics is that no policy clearly outperforms the others on the different objectives. Even
though policy 3 (high response to inflation, low interest rate smoothing) has the least regret for the inflation objectives, it has the
largest regret on output gap objectives (Table 5). If the central bank focuses mainly on the inflation rate at the end of the policy horizon
(t = 12), then policy 2 (relative high interest rate smoothing) has the lowest regret for this objective. However, policy 2 has a higher
regret than other policies for the objectives limiting deviations of inflation (i.e., maximum inflation) and period-to-period change in
inflation.

Table 6 shows the outcomes of the satisficing metrics, which are the fractions of cases out of 15,000 scenarios that satisfy certain
thresholds. The metrics are all inflation-oriented, since the output gap objectives were not formulated in terms of a threshold. Policy 3,
which responds strongly to inflation and has low interest rate smoothing, scores best on the satisficing metrics. Policy 1 scores second
best. Interestingly, policy 4, which optimises the output gap objectives, has a high satisficing score for the objective of price stability at
the end of the horizon (inflation at t = 12). This suggests that, although policy 4 does not perform well on this objective (according to
Fig. 10 in the previous section), it is quite robust for achieving price stability at t = 12 in different states of the world.

3 The three robustness metrics combine different values of performance metrics obtained for the scenarios, such as i) opportunity cost (regret
metric); ii) reliability, or frequency of failure (satisficing metric); iii) likelihood of the policy performance (descriptive measures). Hence, the
robustness metrics are complementary tools to measure robustness in different ways, depending on decision-maker preferences and decision context
(McPhail et al., 2018).
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Table 8
Descriptive statistics for output gap objectives. Preferred values in italics.
Policy Maximum output gap Deviation in output gap
Mean Standard deviation Mean [x 107%] Standard deviation [x 1073]
Policy 0 0.105 0.052 0.373 0.176
Policy 1 0.120 0.053 0.424 0.190
Policy 2 0.106 0.054 0.389 0.174
Policy 3 0.127 0.055 0.436 0.197
Policy 4 0.065 0.028 0.220 0.900

The descriptive statistics display some more variation among the policies.* Robust policies are associated with a low standard
deviation. According to this criterion, policy 2 (relative high interest rate smoothing) is most robust with regard to the objective to
limit the deviation of inflation at the end of the horizon (t = 12). Policy 3 (high inflation response, low smoothing) is most robust
concerning the objective to limit large inflation deviations over time. Policy 4 is most robust with regard to the output gap objectives
(cf., Table 7 and Table 8).

5. Discussion

DSGE models differ from models to which EMA methods are usually applied. Such models mostly describe environmental problems,
which may include dis-equilibrium dynamics and do not necessarily revert to a steady state following a shock. Also in economics, large
and unprecedented shocks, such as the Global Financial Crisis of 2008, may cause output and inflation to deviate from the steady state
for a longer period of time than the horizon of monetary policy (Cerra et al., 2021). Moreover, DSGE models tend to converge to the
steady state that is known ex-ante. Maier et al. (2016) show that a large part of the uncertainty in the models they discuss relates to the
existence of uncertain futures. Also for these reasons EMA is a useful tool to analyse economic policy problems.

Moreover, while policy trade-offs can show up in simulations with a DSGE model, such as the trade-off between inflation and output
objectives, these do not present a wicked problem, as is sometimes the case in environmental sciences (Rittel and Webber, 1973). A
wicked problem is characterised by complex interactions between interacting agents, bounded rationality and network effects linked
to complex interconnectedness and systemic risks. Wicked problems can be addressed by complex adaptive systems approaches. DSGE
models, like most structural macro models, take stylised assumptions that improve tractability, but do so at the expense of sacrificing
some of the richness of the behaviour of the modelled systems (Kirman et al., 2020).

Our analysis is based on a small, stylized New Keynesian DSGE model, which serves as a tractable testbed for demonstrating the
application of EMA to monetary policy. The choice for this model framework is deliberate and offers several advantages:

— Interpretability. The simplicity of the basic New Keynesian model allows for a clearer mapping between policy levers, uncertainties,
and outcomes. This transparency helps to explore trade-offs and robustness under deep uncertainty.

— Identification of mechanisms. The parsimonious model helps to identify the core dynamics driving the policy performance, such as
the role of price stickiness or shock persistence. This is particularly useful in exploratory settings where the goal is to understand
how uncertainty propagates through the system.

— Methodological clarity. As EMA is relatively new to macroeconomic modeling, starting with a basic model allows us to demonstrate
its principles and benefits without the confounding effects of model complexity.

— Computational feasibility. EMA requires running thousands of model simulations across a wide range of parameter and shock
values. A small-scale model ensures that this process remains computationally manageable, especially when applying techniques
like Latin Hypercube sampling and multi-objective optimization.

While the basic New Keynesian model is well-suited for introducing EMA, central banks typically rely on medium- to large-scale
DSGE models that incorporate richer economic structures, multiple sectors, and nonlinearities. Extending EMA to these models would
be possible in principle, though presents several challenges:

— Curse of dimensionality. As the number of parameters and endogenous variables increases, the uncertainty space expands expo-
nentially. This complicates scenario discovery and optimization, potentially requiring more advanced sampling and clustering
algorithms.

— Model instability and indeterminacy. Larger models may feature regions of parameter space that lead to unstable or indeterminate
outcomes. Identifying acceptable domains for robust policy analysis then becomes more difficult (see Ratto, 2008).

— Loss of transparency. The interpretability of policy trade-offs may diminish as model complexity increases, making it harder to trace
the causal relationships between policy levers and outcomes.

4 We note that the distributions of the uncertainties are not validated. Hence, the descriptive metrics are only valid if the uncertainties follow the
uniform distribution that we have assigned to them.

14



C. Wieles et al. Journal of Economic Dynamics and Control 179 (2025) 105168

— Computational burden. Running EMA on medium-scale models may demand significant computational resources, especially when
evaluating robustness across thousands of scenarios.

Despite these challenges, EMA remains a promising approach for robust policy design in more complex economic models. Tech-
niques such as global sensitivity analysis (GSA) and adaptive sampling could complement EMA to manage complexity and improve
insight (see Kwakkel, 2017). Future research should explore how EMA can be scaled and tailored to the needs of central banks using
larger DSGE models.

Our application of EMA can also contribute to the expanding research on enhancing DSGE models with complexities which capture
uncertainties. For instance, recent research on HANK type DSGE models combine heterogeneous agent models (macroeconomists’
workhorse framework for studying income and wealth distributions) with New Keynesian models (the basic framework for studying
monetary policy and movements in aggregate demand, as we have used in our approach), see Kaplan et al. (2023). Furthermore,
economic agents will adjust their behaviour over time, also in response to policy measures (Lucas critique). For instance, in a situation
where the central bank is very responsive to inflation with interest rate measures, agents may behave differently than in a situation
where the central bank is more reluctant in changing the interest rate. This could imply that for each policy strategy a different
distribution or range of uncertain parameters might have to be considered. This could be considered a priori, by changing the dis-
tribution for each policy when evaluating its performance and robustness, or a posteriori by including this in the interpretation of the
results.

6. Conclusion

We introduce EMA into economics and provide a novel way to address deep uncertainty in structural economic models, like DSGE
models used by central banks. They usually make assumptions about the values of the parameters and shocks when applying those
models. This introduces parametric and shock uncertainty. We show how EMA is useful to analyse how the model outcomes are
affected by these uncertainties and we show the use of EMA to design policies that are robust to future unknown states of the world.
Under those conditions, it is important to know the scenarios that are policy relevant; in other words, which combinations of pa-
rameters drive these outcomes of interest. Open exploration by EMA enables such a scenario discovery, by identifying which pa-
rameters and shock values are associated with the model outcome of interest.

Applied to a negative supply shock in a basic DSGE model, the EMA open exploration shows that states of the world with low price
flexibility and high shock persistence drive model outcomes that are of interest to the central bank. Such states are associated with
relatively large deviations of the output gap and inflation from steady state, by which the scenarios may lead to outcomes that conflict
with the policy objectives. Moreover, a directed search finds that the policy levers, the parameters in the Taylor rule that the central
bank can influence, also have a large influence on the economic dynamics following a negative supply shock. We find that, under deep
uncertainty, a rather strong response to inflation contributes to the price stability objectives, while low interest rate smoothing
contributes to both the inflation and output gap objectives. Both policies are also robust to uncertain states of the world.

The results show that EMA can provide useful insights into DSGE models and support the central bank in designing robust policies.
However, more steps are needed before the central bank can incorporate EMA in its toolkit and policy process. Our approach is based
on a theoretical case and uses the most basic and stylized DSGE model. In practice, central banks use more complex DSGE models and/
or have other policy interests than we have explored. That may require other objectives and robustness metrics.

To apply EMA in the policy practice of central banks, collaborative research is needed to combine economic insights about the
(practical) use of DSGE models with the EMA modeler’s experience to find the best suitable algorithms and methods to solve actual
monetary policy problems. Future research is recommended to optimise the EMA methods and algorithms, such as adjusting the
clustering algorithm for the time series after a supply shock, that best serve DSGE models and their functionalities in a situation of deep
uncertainty.
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