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Abstract

BeforelT is an open-source software for building and simulating state-of-the-art macroeconomic agent-based mod-
els (macro ABMs) based on the recently introduced macro ABM developed in [1] and here referred to as the base
model. Written in Julia, it combines extraordinary computational efficiency with user-friendliness and extensibility.
We present the main structure of the software, demonstrate its ease of use with illustrative examples, and benchmark its
performance. Our benchmarks demonstrate that the base model built with Beforel T is orders of magnitude faster than
its original Matlab implementation, while achieving performance comparable to a highly optimised HPC implemen-
tation. Furthermore, we show how Beforel T supports an easy construction of model variants such as the ‘CANVAS’
model of [2], how these variants can be evaluated at scale via an automated multicountry forecasting pipeline, and
how the entire simulation can be automatically differentiated. Beforel T is designed to facilitate reproducibility, exten-
sibility, and experimentation. As the first open-source, industry-grade software to build macro ABMs, Beforel T can
significantly foster collaboration and innovation in the field of agent-based macroeconomic modelling. The package,
along with its documentation, is freely available at https://github.com/bancaditalia/BeforeIT. jl
under the Apache 2.0 license.
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1. Introduction

Macroeconomic agent-based models (macro ABMs)
are computational models in which the micro-level be-
haviour of heterogeneous interacting agents, such as
households and firms, is simulated to produce a macro-
level understanding of aggregate economic outcomes
[3,4,5]. This modelling approach is in contrast with tra-
ditional macroeconomic frameworks based on dynamic
stochastic general equilibrium (DSGE) models, which
solve for equilibrium conditions under well-defined op-
timisation problems [6, 7, 8] and typically, but not al-
ways [9, 10], use representative agents. In comparison
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to DSGE models, macro ABMs use computational sim-
ulations of heterogeneous agents interacting, often re-
quiring greater computational resources and more ex-
tensive calibration [11]. On the other hand, ABMs can
naturally treat heterogeneity and nonlinear interactions
among agents, as well as nonequilibrium dynamics.

Since their emergence in the early 2000s, macro
ABMs have become an important tool for analysing
economic dynamics, and particularly for reproduc-
ing stylised facts and capturing emergent phenomena
such as asset bubbles, market crashes, economic di-
vergence and convergence, and technological innova-
tion [12, 4, 13, 14]. ABMs can also provide a strong
foundation for policy analysis in areas such as systemic
risk, housing market dynamics or inflation, and they
have been increasingly employed by policy institutions
[12, 15,16, 17,5, 18].

The macro ABM developed in [1] represents an im-
portant step forward for the field as it demonstrated that
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Figure 1: Logo of the package. BeforelT stands for Behavioural
economic forecasting by the IT research unit of the Bank of Italy.
The agents in the ‘it monogram exemplify the agent-based nature
of the simulation method. The name of the package also refers to
the forecasting possibilities offered by the package, as in predicting a
phenomenon before it happens.

ABMs, alongside their capacity to reproduce emergent
phenomena and stylized facts, can also achieve short-
term forecasting performances competitive with vector
autoregressive (VAR) and DSGE models. The model’s
flexibility and detailed representation of economic sec-
tors has enabled it to address a variety of issues, ranging
from the COVID-19 pandemic [19] and the 2021-2023
inflation surge [20] to financial crises [21], migration
[22], natural disasters [23, 24], and labour productiv-
ity losses due to heat stress [25]. The model was ex-
tended to work in distributed memory parallel environ-
ments in [26], and was taken as the basis for the multi-
country macro ABM developed in [27]. Interest in this
model has grown among several institutions, including
the Bank of Canada, which incorporated it into mone-
tary policy analysis [2, 28, 29].

Over the years, this broad adoption has given rise to
multiple implementations of such a model. The origi-
nal implementation, available in open source, is written
in Matlab [1, 30], and it has served as the foundation
for other variants. For instance, the Bank of Canada
created CANVAS — a production-oriented modifica-
tion of the reference Matlab code — which is currently
closed-source. While Matlab is a closed-source lan-
guage, the original open-source Matlab code can also
be run using the open-source Octave language, although
this typically implies a significant slowdown in execu-
tion time. A Distributed Memory Parallel (DMP-HPC)
implementation in C++ using MPI for supercomputers,
which is likewise closed-source, has been introduced in
[26]. Meanwhile, the University of Oxford [27] and De-
loitte [31] have each developed their own closed-source
extensions in Python and Java, respectively, underscor-
ing the model’s adaptability across a range of environ-
ments.

Despite this array of implementations, until now,
there was no user- and developer-friendly package that
could be freely accessed, installed, and extended for
diverse applications. To address this gap, we devel-
oped and released Beforel T, an open-source, thoroughly
documented software package that is both user- and
developer-friendly, providing computational efficiency
and a structure suitable for extensions. BeforelT takes
the model developed in [1] as its core reference, but it
also offers a general platform that allows researchers to
construct, modify, and extend macro ABMs tailored to
their specific applications, thus fostering methodolog-
ical experimentation and custom analysis. Since the
model in [1] forms the foundation of Beforel T, we refer
to it as the base model in the rest of this work.

To ensure quality, reliability, and long-term usability,
we made Beforel T adhere to modern open-source pack-
age development standards and best practices. Beforel T
is publicly available on the GitHub page of the Bank
of Italy!, expanding the organization’s library of open-
source ABM software packages, which includes other
models [32] and a calibration engine [33, 34]. Its name
and logo, illustrated in Fig. 1, highlight its focus on be-
havioural agent-based economic forecasting.

Developed in the Julia language, BeforelT achieves
computational efficiency comparable to C-compiled
code while preserving readability and maintainability,
characteristics typically associated with scripting lan-
guages such as Python or Matlab. The overall design of
BeforelT is, in part, inspired by Agents.jl [35], the lead-
ing general-purpose agent-based modelling framework
in Julia, from which we borrow the idea of a transpar-
ent, function-based stepping interface. Julia’s balance
between ease of use and computational performance has
contributed to Julia’s growing popularity in economics
for numerical computations [36, 37], with notable adop-
tions by institutions such as the Federal Reserve [38, 39]
and the Bank of Canada [40, 41].

By providing a platform to build, run and extend a
model of proven impact, BeforelT fills an important gap
in the open-source software community with the aim of
fostering innovation, collaboration, and the wider adop-
tion of macro ABMs.

The rest of this work is structured as follows. In
Sec. 2 we briefly review the base model as this forms the
foundation of Beforel T, in Sec. 3 we describe the struc-
ture of the software and its main features, in Sec. 4 we
provide practical examples of software usage, starting
from an essential script and moving to more advanced

1 https://github.com/bancaditalia/BeforelT.jl
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usage such as for scenario analysis, model calibration
and automatic differentiation, in Sec. 5 we show how
Beforel T enables the systematic definition and large-
scale evaluation of model variants, finally in Sec. 6 we
conclude.

2. An essential model summary

The base model, the macro ABM developed in [1],
simulates macroeconomic dynamics in a small open
economy by modelling the interactions of millions of
heterogeneous agents. The model is calibrated using
data from national accounts, sectoral data, input-output
tables, and business demographics, ensuring that the
model reproduces exactly the state of the economy in
that quarter in terms of aggregate GDP, GDP compo-
nents, and industry sizes.

The model adheres to the European System of Ac-
counts (ESA) framework [42] and organises the econ-
omy into the following six classes of macroeconomic
agents:

e Households make consumption, savings, and
labour supply decisions.

¢ Non-financial corporations produce goods using
labour, capital, and intermediate inputs, with firm-
level heterogeneity captured in terms of size, pro-
duction processes, and market conditions.

¢ Financial institutions mediate credit markets.
e The central bank implements monetary policies.

e The government is responsible for taxation, pub-
lic goods provision, and income redistribution

e The rest of the world accounts for external trade
and international capital flows.

While in the base model the financial sector consists
of a single representative bank, Beforel T generalises it
to an arbitrary number of banks, set by the parameter
n_banks. Each firm and household is randomly as-
signed to one bank, and each bank keeps its own balance
sheet and extends credit subject to its own capital con-
straint. Setting n_banks = 1, the default, recovers
the base model.

A distinguishing feature of this model in the litera-
ture of macro ABMs is its ability to provide aggregate
macroeconomic forecasts — such as for GDP, infla-
tion, and employment — and sector-specific forecasts.
The rich micro-structure of the model, combined with
adaptive learning, allows agents to form expectations
based on past behaviours and observed outcomes. For

example, households and firms rely on simple autore-
gressive (AR(1)) forecasting rules. Meanwhile, decen-
tralised market interactions are characterised by search
and matching mechanisms, which introduce trade fric-
tions and market dynamics.

3. Software structure and main features

Initialisation. To instantiate a model, it is sufficient
to use its constructor function Model. This func-
tion takes two inputs: the dictionaries parameters
and initial_conditions. The two dictionaries
must be defined using specific keyword strings, such as
"tau_INC" for the taxation rate on income or "mu"
for the risk premium over the policy rate charged by
commercial banks to issue loans. We use the same
keywords used in the original parametrisation, available
from the supplementary material of [1]. This ensures
full compatibility with the Matlab parametrisations pro-
vided by the original paper, allowing users to easily load
the Matlab file and use the resulting variables for initial-
isation. For quick experimentation, we include in the
package the original parametrisation for Austria in the
first quarter of 2010. We also provide an experimental
parametrisation for Italy. However, we believe that the
generation of parameters and initial conditions should
ultimately be handled in a dedicated package specifi-
cally tailored to this purpose.

Structure. The different classes of macroeconomic
agents described in the previous section are imple-
mented in BeforelT as separate structure of arrays
(SoA) objects, which in Julia are defined via “structs”.
Specifically, the package defines the following objects:
w_act (for households consisting of active workers),
w_inact (for households consisting of inactive work-
ers), firms (for non-financial corporations), banks
(for the financial sector, composed of one or more
banks), cb (for the central bank), gov (for the gov-
ernment) , rotw (for the rest of the world). Each ob-
ject contains specific and thoroughly documented at-
tributes corresponding to the key features of the respec-
tive agent type. For instance, the w_act struct includes
an attribute Y _h, which stores the income of all active
workers at any given simulation time-step. The attribute
names across all agent types are chosen to align closely
with the equations and notation used in the original pub-
lication [1] to facilitate a clear connection between the
code and the theoretical model.

Finally, the entire model is encapsulated within a
struct named model, which includes the seven agent
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Figure 2:

Illustration of the workflow and main objects of the software.

# firms acquire new loans
search_and_matching_credit!(model)

# firms acquire labour
search_and_matching_labour!(model)

# update firms profits
set_firms_profits!(model)

# update bank profits
set_banks_profits!(model)

# update bank equity
set_banks_equity! (model)

# loop over T quarters
for _ in 1:T
step!(model)
collect_data! (model)
end

The constructor Model takes as input the two dictionaries

parameters and initial_conditions, returning an object named model. This model object is composed of distinct objects repre-
senting the different agents of the economy, such as gov and firms and three other objects that do not represent agents but store properties and
aggregate variables, i.e., prop, data and agg. The model object serves as input for run!, which iterates over T steps, while a collection
of independently initialised models serves as input for ensemblerun!, which performs n_sims independent Monte Carlo runs. Simulation
results are stored in the model object for a single run, or in the model_vec object for multiple runs, both of which allow easy inspection and
visualisation of attributes for any agent type as well as of the aggregate variables tracked during the simulation. Similarly, we can inspect any
attribute of any of the agent classes. A simulation run simply loops over the function step!. One step consists of a series of well-defined function
calls updating specific attributes of certain agent types, making up a modular and transparent simulation process.

groups as its attributes, along with three additional ob-
jects: the prop struct, which stores the properties of the
simulation run, the agg struct, which holds the aggre-
gate variables representing the overall state of the na-
tional economy being simulated, and the data struct,
which holds the data collected during the simulation
run. The left panel of Figure 2 visually illustrates this
hierarchical structure. The model struct is represented
as a large rectangle containing ten smaller rectangles,
corresponding to the seven agent classes and the three
supplementary objects, prop, data and agg.

Inspection. After a model is created as described
above, its attributes can be inspected at any time us-
ing the common ‘dot’ notation. For example, the in-
come vector of all active workers can be printed us-
ing println (model.w_act.Y_h), as illustrated
in Figure 2. This feature can be especially convenient in
interactive scripts or Jupyter notebooks to quickly ver-
ify the effects of specific code changes or interventions
in the model.

Simulation. Once a model is created using the ap-
propriate function, a simulation can be executed with

a single line of code by calling the function run!.
This function takes the model object as input and re-
turns the updated model after the simulation run. Note
that, in Julia, the exclamation mark at the end of a
function denotes a function that changes its arguments
in-place. In this case, run! changes the model
in-place, and hence the model object after the call
stores the final state of the model. In contrast to
step!, the run! function collects data after each
step. The data object has well-documented, intu-
itively named attributes, such as nominal_gdp or
real_household_consumption. By default, 32
variables are tracked, five of which are recorded sep-
arately for each bank, but the set can be expanded by
customising the data tracker. All variables in the data
object can be inspected using dot notation, for example,
by calling plot (data.real_gdp). Itis also worth
noting that the function for running a single simulation
includes a keyword argument, parallel, which de-
faults to false. This option allows the consumption
goods market for different industrial sectors to run on
separate threads, utilising as many threads as are avail-
able to the Julia session. It is also straightforward to run
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Figure 3: A benchmark of the computational efficiency for different implementations. Mean time to run one step of the model calibrated on
the Austrian economy with around 8 000 agents and 8 million agents using the original Matlab code, the C code generated by the Matlab Coder
toolkit, the HPC implementation and Beforel T. The benchmarks were executed on Linux x86_64 with an AMD Ryzen 5 5600H CPU and 16 GB

of RAM, except for the HPC results, which were only estimated from [26].

a large number of Monte Carlo repetitions of the same
simulation using the function ensemblerun!. This
function takes a collection of models (a vector or a gen-
erator) and the number of steps as input and returns a
vector of model objects that can also be inspected us-
ing dot notation. A keyword parameter, parallel,
is available also for this function and defaults to t rue.
The multi-threading here is more efficient than the intra-
model multi-threading across industrial sectors, as the
threads operate on independent runs.

Modularity. The right panel of Figure 2 illustrates the
inner workings of the model runs. Specifically, the fig-
ure shows that the run! function is essentially a sim-
ple for loop over a desired number of quarters, T, of
the function step!, combined with a function to up-
date the data tracker with the latest model data. The
figure also presents an excerpt from step!, highlight-
ing how the main simulation loop consists of a sequence
of very readable functions. Each function takes the en-
tire model as input and updates a specific set of at-
tributes in-place, the trailing exclamation mark again
denoting an in-place operation by Julia convention. For
example, set_banks_profits! takes model as
input and updates the bank profits stored in the attribute
model .banks.Pi_k. This clear modular structure
allows for precise changes and extensions to the model
by simply redefining specific functions.

Speed. In addition to being easy to use and extend, Be-
forelT is highly computationally efficient. In Figure 3
we show the efficiency of the software by benchmark-

ing the mean time required to run the model of Austria at
scale 1:1000, hence simulating around 8000 agents, and
the model at scale 1:1, with around 8 million agents,
for one step against the Matlab implementation, the C
implementation generated with the Matlab-Coder tool-
box and the HPC model developed in [26]. Our tests
show that BeforelT is approximately 20 times faster
than the Matlab implementation and 4 times faster than
the Matlab-generated C code for the small version in the
single-threaded case and, respectively, 43 times and 12
times faster when 8 million agents are simulated. Our
simulation appears to have better run-time performance
compared to the HPC implementation of the model by
looking at the running times reported in the original
article [26]. However, given the unavailability of the
source code and the different execution environments,
we cannot measure the exact speed-up. The efficiency
of BeforelT is largely due to Julia’s just-in-time com-
pilation, which enables a performance comparable to C
while making the code significantly easier to develop,
maintain and understand [43, 44, 45]. Additional per-
formance gains are achieved by employing more opti-
mised algorithms than those used in the original Matlab
version. The greatest part of the performance improve-
ment was made possible by using dynamic weighted
sampling techniques [46, 47]. In particular, we used the
state-of-the-art implementation provided in [48], which
allowed to simulate the market exchange process for
goods much more efficiently. Notably, even without the
use of such advanced algorithms, our software proved
to be approximately on par with the C implementation.
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Figure 4: A simple script and its resulting graphs. The left panel shows a minimal script to run the model. We import the package, load the
original parametrisation for Austria in the first quarter of 2010, and specify a given number of quarters to simulate. Then we call the Mode 1 function
eight times, one for each Monte Carlo run, and finally the ensemblerun! function. Illustrative charts of some variables within model_vector
are shown in the right panel. Solid lines are averages across the eight simulations, while semi-transparent regions span one standard deviation.

The figure also illustrates that applying multi-threading
across different industrial sectors can further accelerate
the simulation, albeit the speed-up is sub-linear relative
to the number of cores employed; even if we believe
this aspect could be improved in the future, the scalabil-
ity of the HPC implementation is still better than what
BeforelT.jl currently achieves. However, when paral-
lelising over different independent Monte Carlo runs,
BeforelT.jl offers the best performance, without sacri-
ficing ease of use.

Testing. BeforelT includes a large and expanding suite
of unit tests to ensure its quality and reliability. The cur-
rent set of unit tests can be divided into three classes.
At the lowest level, we test specific functions repre-
senting individual agent actions against the expected
behaviour. As an example, we test that the function
taylor_rule with specific values of input arguments
returns the same number that one can compute with pen
and paper. At the aggregate level, we test that the code
respects several accounting identities. For instance, we
check that the national income identity holds after every
step, i.e., that the GDP equals the sum of all expendi-
tures. Finally, at the model level, we test that a deter-
ministic version of the model exactly matches the de-
tailed behaviour of a deterministic version of the origi-
nal Matlab code. Additionally, stochastic versions of the
two models are rigorously tested for coherence through
statistical analysis.

These layers of tests are run automatically through
GitHub’s continuous integration workflows every time

the code is modified to collectively ensure both the ac-
curacy and robustness of the software.

Documentation. Beforel T is thoroughly docu-
mented.  The documentation for the main func-
tions governing the inner workings of the package
and of the agents in the model is embedded in the
source code and also forms an API reference avail-
able at https://bancaditalia.github.io/
BeforeIT. jl. The webpage provided also includes
several tutorials to quickly learn how to use the package
with a hands-on approach. The source code reported in
the online tutorials is available in the “examples” folder
of the GitHub repository along with other example us-
ages.

4. Usage illustration

Here, we present some illustrative examples of how
to use the package. We provide self-contained scripts
directly here where possible, but we highlight that the
complete, runnable source code for all the examples
discussed is available in the examples folder of the
repository?.

Essential usage. Figure 4 provides a step-by-step ex-
ample of typical usage of the package. The left panel
outlines the exact commands required to load the pack-
age, initialise a model, run different Monte Carlo runs of

2https:// github.com/bancaditalia/BeforelT.jl/tree/main/examples
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the model, and then inspect the results. The right panel
presents a few plots of the simulation runs, with the
shaded area indicating the standard error on the mean
of the Monte Carlo repetitions.

# define a custom shock

struct ConsumptionShock <: Bit.AbstractShock
multiplier::Float64
final_time::Int

end

# define the shock behaviour
function (s::ConsumptionShock) (model)
if model.agg.t ==
model.prop.psi *= s.multiplier
elseif model.agg.t == s.final_time
model.prop.psi /= s.multiplier
end
end

# load parameters and initial conditions
p = Bit.AUSTRIA2010Q1l.parameters
ic = Bit.AUSTRIA2010Q1l.initial_conditions

# set shock parameters
my_shock = ConsumptionShock (1.02, 4)

# initialise models
models = (Bit.Model (p, ic) for _ in 1:64)

# run the shocked models

T = 20
model_vec = Bit.ensemblerun! (models, T; shock! =
my_shock)
1.008 -
()
g
© 1.006
S
m__1.004-
a
O 1.002}
1.000 & I 1 1 I I
3 6 9 12 15

quarters

Figure 5: A script for shocked simulations and its resulting graph.
The top panel illustrates the usage of the interface to run simulations
with shocks. One simply defines a callable st ruct and passes it to
the function ensemblerun! as the shock! keyword argument.
The effect of the simulated consumption shock on the GDP (ratio of
shocked over baseline) is presented in the bottom panel. Solid lines
are averages across the 64 simulations, while semi-transparent regions
span the standard error.

Shocked simulations. We also provide a high-level in-
terface for simulating arbitrary economic shocks to the
model. This functionality is achieved through a “shock™
object, implemented as a callable struct.

At the beginning of every step, and before agents’
actions, the shock object is invoked. The shock ob-
ject receives the entire model as input, enabling it to

# define a new model object
Bit.@object struct NewModel (Bit.Model)
<: Bit.AbstractModel end

# define a new central bank object
Bit.@object mutable struct NewCB (Bit.CentralBank)
<: Bit.AbstractCentralBank
avg_r::Float64
end

# change the default central bank behaviour
function Bit.set_central_bank_rate! (model::
NewModel)
model.cb.r_bar = model.cb.avg_r + 0.lxrandn()
end

# initialise all basic model components

prop Bit.Properties(p, ic)
firms = Bit.Firms(p, ic)

w_act, w_inact = Bit.Workers(p, ic)

banks = Bit.Banks(p, ic)

gov = Bit.Government (p, ic)
rotw = Bit.RestOfTheWorld(p, ic)
agg = Bit.Aggregates(p, ic)
data = Bit.Data()

# initialise the custom central bank
cb = Bit.CentralBank (p, ic)
newcb = NewCB(Bit.fields(cb)..., 0.02)

# initialise the model
model = NewModel ((w_act, w_inact, firms, banks,
newcb, gov, rotw, agg, prop, data))

# run 8 copies of the extended model

T = 20

models = (deepcopy (model) for _ in 1:8)
data\_vec = Bit.ensemblerun! (models, T)

Figure 6: A script for model extensions. The script illustrates
the usage of macros and methods’ specialisation to extend the
model without needing to copy-paste code. One can create a new
mutable struct for a custom central bank as a subtype of
AbstractCentralBank and inherit all standard attributes us-
ing the @object macro. Then, one can modify specific be-
haviours by specialising some functions on the new model type
model: :NewModel, while the other functions remain unchanged.

modify any model attribute in-place in a highly flexi-
ble manner. Figure 5 illustrates this process with an ex-
ample of a consumption shock. In the figure, we first
create a struct with two attributes. Then we make the
struct “callable” by defining a function on top of the
struct. The function increases the propensity to con-
sume psi by the factor multiplier until the sim-
ulation time model.agg.t reaches final_time,
when it is set back to the original level. Finally, a spe-
cific shock (my_shock) is instantiated with a 2% in-
crease in the propensity to consume for 4 quarters. This
shock is then passed as a keyword argument to the func-
tion ensemblerun!. By default, the keyword argu-
ment is set to a dummy “NoShock” struct that performs
no actions. This abstraction allows for arbitrary com-



plex shocks to be implemented straightforwardly since
both the state of the model and any of its parameters are
accessible as attributes of the model object and can be
easily manipulated.

Calibration to EU nations. In a separate project called
CalibrateBeforelT.jl [49] we provide functions and ex-
emplary scripts which allow the user to generate the
necessary parameters and initial conditions for other EU
nations.

The code in the CalibrateBeforelT.jl package is based
on the Matlab and PostgreSQL scripts used in [1]
(which were already extended to work for all EU27
countries at that point) and were kindly shared with us.
To ease the accessibility of this work, we translated the
scripts to Julia, updated Eurostat sources and made the
process more robust against missing data. The only pre-
requisite for this repository is Julia and there are no out-
side technical dependencies.

We showcase the usage of the package in three scripts
(available in the repository). First, usage of the helper
functions to a) download data from a data snapshot at
Zenodo® to be able to replicate our results or b) down-
load the latest available data from Eurostat. The sec-
ond script shows the application of some necessary
data transformations (e.g. appending two data sources to
have longer timeseries available). Finally, a third script
shows the helper functions that are used to query the
data sources for the timeseries necessary to construct the
initial conditions and parameters. At our Zenodo repos-
itory, we also provide the resulting country-specific cal-
ibration objects (which can be used to calculate initial
conditions for the Beforel T model).

At the moment of writing, the CalibrateBeforelT.jl
package works for all EU nations for all quarters from
2015 to 2023.*

For quick experimentation, users of Beforel T can use
the download_zenodo_calibration_object
function to directly download the calibration object
of any of the 27 EU member states and calculate
parameters and initial_conditions for a
given quarter (specified by the last day of that quarter).
A practical example is provided in Figure 7.

We are actively developing the CalibrateBeforelt.jl
package to extend its country and time coverage and
remedy any existing inconsistencies.

Automatic differentiation. Automatic differentiation
(AD) is a family of techniques for computing deriva-

3https://doi.org/lO.SZS 1/zenodo.18698434
4 Applying the calibration process for years before 2015 and after
2023 is possible, but more prone to fail due to missing data.

using Dates

# download the calibration object for France
co = Bit.download_zenodo_calibration_object ("FR")

# calculate initial state for a given time
calibration_date = DateTime (2022, 12, 31)
parameters, initial conditions =
Bit.get_params_and_initial_conditions(
co, calibration_date; scale = 1 / 1000)

Figure 7: Downloading a country calibration object. The
download_zenodo_calibration_object function retrieves
the pre-computed calibration object for any of the 27 EU member
states from the Zenodo data snapshot, here France ("FR"). The object
is then passed to get_params_and_initial_conditions to-
gether with a calibration date (the last day of the target quarter) to
obtain the parameters and initial_conditions dictionaries
needed to instantiate a Model. The scale keyword sets the agent-
to-population ratio, here 1:1000.

tives of functions implemented as computer programs
by systematically applying the chain rule to the elemen-
tary operations performed during execution. In machine
learning, AD is widely used for training deep neural net-
works [50, 51]. More recently, AD and differentiable
simulation have been explored for agent-based models,
where gradients of simulator outputs with respect to pa-
rameters can accelerate tasks such as calibration, opti-
misation, and sensitivity analysis, provided the model is
made suitably differentiable [52, 53, 54].

Among the many AD tools available in Julia [55, 56,
57, 58, 59, 60],Beforel T currently leverages the Moon-
cake compiler [60] to allow for automatic differenti-
ation. Achieving this compatibility required refactor-
ing specific segments of the codebase to circumvent
non-differentiable code blocks. For instance, because
Mooncake cannot differentiate through foreign function
calls (such as LAPACK routines), the singular value
decomposition (SVD) used to estimate expected GDP
and inflation had to be re-implemented in pure Julia.
While currently unsupported, future integration with
Enzyme [58] would be beneficial for cross-validating
gradient computations across distinct AD backends.

To verify the effectiveness of using automatic differ-
entiation, we run a simple dummy optimisation on the
GDP. Specifically, we tried to optimise the objective

GDP(0)=» - GDP(O)=1 _(GDP©®)iz1 — GDP©)= |’
GDP(0);-1 GDP(60):=1 ’

where GDP(6),=; represents the initial GDP of the
original Austrian parametrisation, while GDP(0),-; and
GDP(0);— denote the initial and final GDP of the new
parametrisation, respectively. This optimisation tries to
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Figure 8: GDP optimisation trajectories by gradient method. Per-
centage change between GDP(6);=> and GDP(6p);=> along the optimi-
sation, comparing the Mooncake pathwise automatic gradient against
central finite differences computed in 64-bit and 128-bit floating-point
precision. The 64-bit numerical gradient is too unstable for the optimi-
sation to converge, whereas the automatic gradient tracks the 128-bit
numerical gradient closely.

anchor the GDP at r = 1 to the same level of the orig-
inal parameterisation and, at the same time, induce a
greater increase in the change between t = 1 and ¢ = 2.
To make the gradient optimisation more stable, only
a subset of 17 core policy and behavioural parameters
(which include fiscal rates, household behaviour param-
eters and banking/financial parameters) have been al-
lowed to vary in the optimisation.

We compared the results of optimising the model
through numerical gradients computed using central fi-
nite differences and the automatic gradient extracted
with Mooncake.jl. Noticeably, using standard 64-bit
floating-point numbers for the numerical gradient was
too numerically unstable, making the optimisation fail
before the end of the optimisation run. Instead, running
the optimisation using 128-bit floating-point numbers,
made possible by the support of BeforelT to run the
model with any floating-point type, allowed the opti-
misation to proceed smoothly. Without any adjustment,
instead, the automatic gradient ran the optimisation al-
most as accurately as the 128-bit numerical gradient. It
is important to note that the automatic gradient com-
puted through Mooncake is not entirely correct, because
Mooncake applies AD to the realised execution trace.
When discrete randomness is present in the model (as
it is in the search-and-matching markets of our model),
the gradient could be biased [61]. In practice, given the
results of Figure 8, this does not seem to be the case for
our model.

Performance-wise, automatic differentiation changes
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Figure 9: Performance of gradient computation. Wall-clock time
to compute the gradient of the objective with respect to an increasing
subset of the model parameters, comparing the Mooncake automatic
gradient against central finite differences.

the scaling of the gradient computation dramatically. As
shown in Figure 9, the runtime of the automatic gradi-
ent remains essentially flat as the number of active pa-
rameters grows from one to the full model parametri-
sation, at roughly the cost of differentiating one full
model step. Instead, central finite-difference gradients
scale linearly with the number of parameters, taking
about one minute for 1000 parameters, while the au-
tomatic gradient remains practical for the full 106,955-
parameter state. Thus, automatic differentiation is not
only more convenient, but also makes high-dimensional
gradient computations feasible.

Extensions. We include in BeforelT specific macros
that allow for easily extending the original agent classes
without copying and pasting the entire codebase. In Fig-
ure 6 we provide an example of how to leverage these
macros. Suppose we want to extend the model by in-
troducing a new type of central bank with custom be-
haviour. We do this by creating a custom struct called
NewCB. Crucially, we define this to be a subtype of
AbstractCentralBank. This allows the new struct
to seamlessly inherit all existing functions defined in
Beforel T for central banks.

In our new struct, we want to inherit all existing
attributes of the standard central banks in the pack-
age and add additional attributes. We do this using
the macro @ob ject, which essentially copy-pastes all
the attributes of the inherited object, which here is
CentralBank, within the newly created one. Addi-
tional attributes can then be defined as needed. Finally,
we customise the behaviour of the central bank by defin-
inganew set_central_bank_rate! function. In



this function, we specify that the model argument is of
the custom type NewModel. In this way, through Ju-
lia’s powerful multiple-dispatch mechanism, the com-
piled code will use this function instead of the default
one, and will instead use the default functions for any
other behaviours of the central bank as provided in the
package implementation.

5. Systematic model improvements

The extension mechanism introduced in Section 4 en-

ables more than ad-hoc experimentation: it provides
a principled framework for systematic model improve-
ment. By pairing model variants with an automated
multicountry forecasting pipeline, researchers can rigor-
ously evaluate alternative modelling assumptions across
all calibrated economies using standardised error met-
rics. This section describes the two main ingredients:
(1) how full model variants are defined within BeforelT,
and (ii) how they are evaluated at scale, illustrating the
workflow with a concrete example.
Defining model variants. A model variant in Befor-
elT is a self-contained Julia file that defines new agent
types and overrides specific behavioural functions via
multiple dispatch, leaving the rest of the simulation un-
changed. The @object macro copies all fields from
a parent type and appends any additional ones, while
the Julia type system ensures that only the overridden
functions are replaced. Two representative variants are
shipped with the package.

The first, Mode 1CANVAS, implements the demand-
pull pricing mechanism of [2] by overriding three func-
tions: firms_expectations_and_decisions,
which introduces firm-level quantity and
price adjustments based on excess demand;
central_bank_rate, which replaces the fixed-
parameter Taylor rule with an adaptive version
that re-estimates its coefficients each step; and
growth_inflation_EA, which records the euro-
area time series needed for the adaptive estimation.
These overrides require two extended agent types:
CentralBankCANVAS, which stores the historical
interest rate series, and RestOfTheWor1dCANVAS,
which stores euro-area GDP and inflation histo-
ries. All other agents (firms, households, banks,
government) remain unchanged. We also include
two further backwards-compatible improvements to
ModelCANVAS that allow trajectories to converge
over much longer time horizons (around 100 steps).
First, we implement Calvo pricing: the parameter
theta_calvo allows to specify the fraction of firms
that can update their prices in each step. Second, we
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use an exponential moving average with smoothing
factor omega_pi to compute inflation expectations.
ModelCANVAS falls back to the behaviour in [2] by
setting theta_calvo =1 and omega_pi = 0, while
typical values for converge over longer time horizons
are theta_calvo = 0.25 and omega_pi = 0.5.

The second variant, Mode 1 GR, replaces the log-level
AR(1) processes used for expectations and exogenous
drivers with growth-rate AR(1) specifications,

Xi=Xi-(I+g), (D

where g; denotes the growth rate of the variable X;.
This affects GDP expectations, inflation expectations,
government consumption, and trade volumes, and re-
quires two new agent types, GovernmentGR and
RestOfTheWor1dGR, that store the estimated AR(1)
coefficients and lagged growth rates. In both cases, the
core simulation loop (step!) remains completely un-
touched. Julia’s compiler automatically dispatches to
the overridden methods based on the model’s concrete
type, ensuring that every variant is evaluated under iden-
tical market-clearing, accounting, and aggregation rules
and thereby isolating the effect of the modelling change.

gr=ag-1+B+¢g,

Multicountry forecasting pipeline. To evaluate model
variants at scale, BeforelT includes an automated
pipeline that runs out-of-sample forecasting exercises
across a list of calibrated countries. A variant is iden-
tified by a model constructor, from which the variant
name is derived; output is automatically organised un-
der data/{country}/analysis/{variant}/,
so adding a new variant requires no changes to the
pipeline code itself.

The pipeline has two phases, both driven by the same
script, shown in Figure 10.

In the simulation phase, three helper functions
are called in sequence for each country.  First,
save_all_params_and_initial_conditions
iterates over all starting quarters in the chosen range
(here 2010Q1 to 2019Q4), generating and saving to
disk the parameters and initial_conditions
for each quarter. Then, save_all_simulations
loads each of these, instantiates the model us-
ing the provided model_constructor, runs
n_sims Monte Carlo simulations of length
T, and saves the resulting ensembles. Finally,
save_all_predictions_from_sims aligns the
saved simulations with the real data to produce the
forecast trajectories. When model_constructor
is omitted, the standard Model constructor is used,
corresponding to the base model.



import BeforeIT as Bit
using Dates
(2-letter codes)

# countries to process

countries = ["IT", "AT", "ES"]

quarters = DateTime (2010,3,31) :Month (3) :DateTime
(2019,12,31)

T, n_sims = 12, 4

(and hence the
so they agree

# pick the variant; the variant name
# output folders) is derived from it,
model_constructor = Bit.ModelGR

model_variant = string(nameof (model_constructor))

# ——— Simulation phase —--
for country in countries
cal = Bit.download_zenodo_calibration_object (country)
folder = "data/$country"
Bit.save_all_params_and_initial_conditions (
cal, folder; scale = 0.0005,
first_calibration_date = first (quarters),
last_calibration_date = last (quarters),

Bit.save_all_simulations (folder;
model_constructor,
simulation_folder = "simulations/S$model_variant")

.save_all_predictions_from_sims (folder, cal.data;
simulation_suffix = "simulations/S$model_variant",
prediction_suffix = "abm_predictions/$

model_variant")

T, n_sims,

end

# ——— Analysis phase -——
for country in countries
cal = Bit.download_zenodo_calibration_object (country)
Bit.error_table_ar (country, cal.ea, cal.data,
quarters, Bit.forecast_horizons; model_variant)
Bit.error_table_abm(country, cal.ea, cal.data,
quarters, Bit.forecast_horizons; model_variant,
prediction_folder = "abm_predictions/$
model_variant")
end

Figure 10: The multicountry forecasting pipeline. The same script
drives the two phases of the pipeline. In the simulation phase, the
chosen model variant (here Mode 1GR) is calibrated to each country
(downloading calibration objects from Zenodo) and run. Forecasted
trajectories are saved to disk. In the analysis phase, saved forecasts
are compared to an AR benchmark using standardised error metrics.
One can select a different model variant viamodel_constructor;
the output folders automatically reflect the model variant.

In the analysis phase, forecast accuracy is assessed
using the root mean squared error (RMSE) and bias
at horizons of 1, 2, 4, 8, and 12 quarters for five
key macroeconomic variables: real GDP, GDP deflator
growth, real household consumption, real investment,
and the Euribor rate. Statistical significance of the bias
is tested using a t-test with Newey—West standard er-
rors to account for serial correlation in forecast errors.
Model comparisons are performed via the Diebold—
Mariano test, which assesses whether the difference in
squared forecast errors between two models is statis-
tically significant. Results are stored per country in
data/{country}/analysis/{variant}/ and
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Figure 11: RMSE improvement of Mode1GR over a univariate AR
benchmark. Each cell shows (RMSEsr — RMSEspm) X 100 over
a four-quarter horizon, averaged over all quarters from 2010Q1 to
2019Q4. Blue cells indicate that the ABM produces lower forecast
errors than the AR; red cells indicate the opposite. Stars denote sig-
nificance levels of the Diebold—Mariano, whose null hypothesis is that
the two models have equal predictive accuracy (*p < 0.1, **p < 0.05,
**p <0.01).

then aggregated across countries to produce summary
tables and heatmaps.

Example results. Figure 11 illustrates the kind of out-
put the pipeline produces, showing the RMSE differ-
ence between ModelGR and a univariate AR bench-
mark across a large number of calibrated EU countries.
Each cell reports (RMS Ear — RMS Eapm) X 100, so
that positive values (blue) indicate that the ABM out-
performs the AR and negative values (red) indicate the
reverse; significance stars denote rejection of equal pre-



dictive accuracy under the Diebold—Mariano test.

The results are heterogeneous across countries and
variables. The ABM achieves notably better forecast
accuracy for real investment in several countries (e.g.,
the Netherlands and Bulgaria), while the AR benchmark
tends to be more competitive for real GDP and infla-
tion in many economies. Outliers such as Estonia’s real
consumption reflect episodes of large structural change
that are difficult to capture with any fixed specification.
This heterogeneity illustrates the value of running the
pipeline at scale: patterns that would be invisible in a
single-country study become apparent when results are
aggregated.

6. Conclusions

This paper introduces BeforelT, a software package
to build state-of-the-art macroeconomic agent-based
models (macro ABMs) that are based on the recently
introduced base model [1], in a fast, user-friendly, and
extensible framework. By leveraging the computational
efficiency and flexibility of the Julia programming lan-
guage, Beforel T delivers high-performance code that is
greatly superior to existing implementations of the base
model, such as Matlab or Matlab-generated C code,
while maintaining simplicity for users and developers.
Its modular structure, thorough documentation, and ex-
tensive testing ensure that the package can be easily
picked up and used for applications ranging from policy
analysis and economic forecasting to any model exten-
sion. As the first open-source package to build mod-
els like [1], BeforelT fills an important gap in mak-
ing the latest macro ABMs more accessible. We be-
lieve the package can greatly facilitate experimentation,
e.g., involving calibration using large volumes of data,
or extensive sensitivity analyses and forecasting. The
existing open-source Julia ecosystem for data science
and numerical simulation can be of great help for these
projects. The Python open-source ecosystem could be
equally leveraged as it is possible to bridge the two lan-
guages seamlessly using libraries such as PythonCall
and JuliaCall [62]. Most generally, Beforel T can con-
tribute to the foundation of the next-generation tools for
macro ABM research.

We foresee several lines of development that could
further enhance Beforel T. One important enhancement
is the modularisation and standardisation of the calibra-
tion scripts. Unlike the rest of the package, these are
not modularly written and currently come in the form of
an unpolished research prototype. However, they could
be easily improved and, potentially, even be adapted to
make them work for any European nation. The resulting
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code could be integrated within Beforel T or be released
as a dedicated companion package. A second line of
development concerns the further inclusion of models
built on top of the base model. The package already
ships two such variants, the Mode 1CANVAS variant in-
spired by the Bank of Canada’s CANVAS model and
the growth-rate Mode 1GR variant described here, and
we plan to grow this library of variants in collabora-
tion with the community. Similarly, the multi-bank ex-
tension of the financial sector currently features banks
that follow identical behavioural rules and differ only in
their customer base. Allowing banks to differ more fun-
damentally, for instance in their lending rates or capital
requirements, would make BeforelT a natural tool for
the analysis of systemic risk and macroprudential pol-
icy. Finally, BeforelT is already compatible with au-
tomatic differentiation through the Mooncake compiler,
which opens the way to gradient-based sensitivity anal-
ysis and calibration of the model to aggregate data. A
natural next step is to broaden this support to additional
AD backends, such as Enzyme, which would allow gra-
dients to be cross-validated across independent imple-
mentations.

For any of the mentioned extensions or any other im-
provement to the package, we greatly encourage open-
source contributions to the project in the form of issues,
pull requests or feedback.
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