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• The MEmilio software framework with more than 70 code examples is available at:
https://github.com/SciCompMod/memilio

• A comprehensive list of tutorials and exercises for the MEmilio software framework is available at:
https://github.com/SciCompMod/memilio-tutorials/

• MEmilio’s documentation with examples and explanations is available at:
https://memilio.readthedocs.io/en/latest/

• MEmilio’s simulations (as used in this and other selected manuscripts) are available at:
https://github.com/SciCompMod/memilio-simulations

A List of abbreviations
In this section, we provide a list of abbreviations as used in the manuscript and the supplementary
information.

• MEmilio: a high performance Modular EpideMIcs simuLatIOn software
• ODE: ordinary differential equation
• LCT: Linear Chain Trick
• SDE: stochastic differential equation
• IDE: integro-differential equation
• PBM: population-based model
• MPM: metapopulation model
• ABM: agent-based model
• dABM: diffusive agent-based model
• GNN: graph neural network
• RSV: respiratory syncytial virus
• COVID-19: coronavirus disease 2019
• SARS-CoV-2: severe acute respiratory syndrome coronavirus 2
• ICU: intensive care unit
• NPIs: nonpharmaceutical interventions
• SBI: simulation-based inference
• ABC: approximate Bayesian computation
• SMC: sequential Monte Carlo
• MCMC: Markov chain Monte Carlo
• PMCMC: particle Markov chain Monte Carlo
• PF: particle filter
• MH: Metropolis-Hastings
• PMMH: pseudo-marginal Metropolis-Hastings
• CI: credibility interval
• AD: automatic differentiation
• IPOPT: Interior Point OPTimizer
• MPI: message passing interface

B Mathematical tools and technical functionality
In this section, we first give a brief description of the mathematical tools and technical functionality that
are available with MEmilio. Precise usage as applied in this manuscript is described in Sections D–I and
in the simulation code published open-source.

B.1 Numerical solvers and technical details
All models in MEmilio are complemented by a Simulation class. MEmilio provides a standard imple-
mentation for ODE-based CompartmentalModels and FlowModels as well as a GraphSimulation that
allows coupling multiple local simulations. More involved models, like the SDE-, IDE-, and agent-based
models, define their own Simulation. All simulations have an advance() function that runs the simula-
tion up to a user-defined time point, and in the case of the ABM also allows adding Loggers to specify
which information to extract. The PBMs collect their results in a TimeSeries, storing the simulated
Population by compartments over time, accessible through a get_result() function.
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B.1.1 Numerical solvers for ODE-based models

All ODE-based models use the same scheme. Simulation::advance() defines a function denoted
DerivFunction, that expects a time t and population y(t) and returns the right-hand side of the model
f(y(t), t) = dy(t)

dt , passing it to the numerical integrator.
The integrator (OdeIntegrator) is model independent; it only assumes that dy

dt and y have the same
shape. It manages the result TimeSeries, adding new entries as it integrates from a given start time to a
final time. The integrator supports explicit integration schemes with both fixed and adaptive time step-
ping, and the scheme can be set from the Simulation. By default, we use the Boost implementation [1] of
the Cash-Karp 54 Runge-Kutta method [2]. The DerivFunction is used to evaluate derivatives at time
points determined by the integration scheme to iteratively compute the population at the next time step.

B.1.2 Numerical solvers for IDE-based models

The implemented IDE-based model is solved using a nonstandard finite difference scheme that was
proposed by Messina et al. [3] and that was extended to a SECIR-type model with flow formulation
Wendler et al. [4]. Here, we give a brief overview of the numerical scheme for an SIR model defined by

dS

dt
= −σS,I ,

dI

dt
= σS,I − σI,R,

dR

dt
= σI,R,

where the flows between the infection states are given by

σS,I = S(t)λ(t),

σI,R(t) = −
∫ t

−∞
γI

′(t− x)σS,I(x) dx,

and the force of infection is defined via

λ(t) =
ϕ(t)ρ(t)

N

∫ t

−∞
ξ(t− x) γI(t− x)σS,I(x) dx.

ϕ is the average number of daily contacts, ρ is the transmission probability on contact and ξ denotes
the fraction of infected individuals that are not isolated. γI(τ) determines the expected proportion of
individuals that are still infected τ days after transmission.

Let ∆t > 0 be the fixed step size and ti = i∆t, i ∈ Z, equidistant time points. In the following, we
use the notation x̂ for the respective discretized version of the variable x. The number of Susceptibles
is determined by the number of Susceptibles in the previous time step as well as the force of infection
from the previous time step by

Ŝ(ti+1) =
Ŝ(ti)

1 + ∆tλ̂(ti)
.

Using the relation dS
dt = −σS,I , we obtain

σ̂S,I(ti+1) = Ŝ(ti+1)λ̂(ti),

which is a right endpoint approximation in Ŝ and a left endpoint approximation in λ̂ where λ̂(ti) is
known from the previous time step.

Based on this, we compute the subsequent flow by

σ̂I,R(ti+1) = −∆t

i∑
j=a

γ̂′
I(ti+1−j)σ̂S,I(tj+1),

where γ̂′
I is a suitable approximation of γ′

I . The remaining compartments are computed via

Î(ti+1) = Î(ti) + ∆t (σ̂S,I(ti+1)− σ̂I,R(ti+1)) ,
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R̂(ti+1) = R̂(ti) + ∆t σ̂I,R(ti+1).

Finally, we compute the force of infection by

λ̂(ti+1) =
ϕ(ti+1)ρ(ti+1)

N
∆t

i∑
j=a

ξ(ti+1−j) γI(ti+1−j) σ̂I,R(tj+1),

where we approximate the integral by a rectangular rule with a right endpoint approximation in σ̂I,R

and a left endpoint approximation in ξ and γI . It can be shown that this discretization scheme conserves
essential biological properties of the continuous model [3, 4]. Current developments cover the analysis
and adaptation of higher-order solvers [5], in particular making these numerical schemes also available
for systems with contact change points [6].

B.1.3 Numerical solvers for SDE-based models

For the numeric approximation of SDEs, MEmilio utilizes the structural similarity between the Euler
approximation scheme for ODEs and the Euler-Maruyama approximation scheme for SDEs.

Consider the SDE

dX(t) = a(X, t)dt+ b(X, t)dW,

with the initial condition X(0) = x0, where W denotes a standard Wiener process. For a fixed step size
∆t > 0, the Euler-Maruyama scheme approximates the solution on the interval I = [0, T ] as follows.

We partition I into discretization points

0 = τ0 < τ1 < . . . < τN ≤ T,

with τi+1 − τi = ∆t for all i = 0, . . . , N − 1.
The recursive approximation is given by

Y0 = x0,

Yi+1 = Yi + a(Yi, τi)∆t+ b(Yi, τi)∆Wi,

with ∆Wi = W (τi+1) − W (τi), where the ∆Wi are independent and identically distributed normal
random variables with mean zero and variance ∆t. Using that

√
∆tN(0, 1) ∼ N(0,∆t), we can rewrite

the above scheme as follows

Y0 = X0,

Yi+1 = Yi + a(Yi, τi)∆t+
b(Yi, τi)√

∆t
∆W i∆t,

with ∆W i ∼ N(0, 1). With this formulation, MEmilio uses the Euler solver to solve the SDE.

B.2 Parallelization with shared and distributed memory
Within different modules and kernel functionality, MEmilio uses different approaches of parallelization.

For most PBMs and MPMs, MEmilio provides a sequential and a parallelized ensemble-run function-
ality, where the latter executes a user-defined number of runs with a specified number of MPI ranks [7].
At the end of the simulation, the first rank collects all simulation outputs and orders them to com-
pute the 5th, 25th, median, 75th and 95th percentiles such that credible intervals of 50 % and 90 %
are returned by default. A shared memory parallelism for MPMs, using OpenMP [8] to compute differ-
ent graph nodes and mobility in parallel, has been used in various occasions on development branches.
However, since generally, a lot of parallel simulations have to be conducted, the parallelization across
different model runs is more efficient and, thus, preferred by default.

While we also provide MPI-parallelized ensemble-run functionality with the computation of summary
statistics for the ABM, we furthermore use shared memory parallelism through OpenMP [8] inside its
heavier computation kernels. Since, at each time step, agents only interact within the same location, we
allow computing interactions and movement simultaneously for each location.
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B.3 Optimal control through direct single shooting
In the context of epidemiological models, optimal control [9] provides a framework for determining
optimal intervention strategies [10, 11]. In MEmilio, optimal control problems are formulated using a
direct single shooting approach, which relies on control discretization and state integration, also referred
to as the sequential method in the literature [12]. The nonlinear optimization problem is solved using
the interior-point solver IPOPT [13].

To enable optimal control, MEmilio integrates automatic differentiation (AD) as a core component.
AD allows the computation of exact derivatives of model outputs with respect to the control vari-
ables. The AD implementation in MEmilio builds on code developed by the group Software and Tools
for Computational Engineering (STCE) at RWTH Aachen University [14] and supports both forward-
and reverse-mode automatic differentiation through operator overloading. In this approach, standard
floating-point types used in computations are substituted with an active AD type. Arithmetic operators
and relevant MEmilio components are overloaded for the active type such that derivative information
is automatically propagated alongside the stored variable. MEmilio provides AD for a wide range of
epidemiological ODE-based models, ranging from compartmental models to more intricate graph-based
formulations.

C General calibration processes
In this section, we briefly describe MEmilio’s general functionality of being coupled with external tools for
simulation-based inference (SBI) and particle filters (PF). Precise usage for this manuscript is described
in Section D.

C.1 Calibration with simulation-based inference methods
MEmilio supports parameter inference via SBI, which is particularly well-suited for mechanistic epi-
demiological models where simulations can be conducted efficiently while the likelihood function may be
expensive to evaluate, difficult to specify, or just analytically unavailable due to complex stochastics. In
SBI, inference is performed by combining a parameter prior with simulations generated from the model,
replacing explicit likelihood evaluations by learned or approximate inference procedures [15].

A simulator f takes a parameter vector θ ∈ Θ and produces model outputs y = f(θ), typically time
series such as compartment trajectories, incidences, or derived observables. Given a prior distribution
p(θ), SBI proceeds by repeatedly drawing parameters from the prior, simulating corresponding trajec-
tories, and using the resulting pairs (θ, y) to infer the posterior distribution p(θ | yobs) for an observed
dataset yobs.

This modular structure separates the model from the inference engine: MEmilio provides the simulator
output y, while inference is carried out by external libraries (e.g., BayesFlow [16] and pyABC [17])
which need simulated data and prior samples to approximate the posterior distribution. While MEmilio’s
backend can be used for offline generation of training data for neural network-based inference, the Python
interface of MEmilio is designed such that its simulator can be coupled online into SBI libraries. The
same simulator can therefore be used with multiple inference strategies: (i) neural posterior estimation
(as implemented in BayesFlow), and (ii) approximate Bayesian computation with sequential Monte
Carlo (ABC-SMC as implemented in pyABC). While the main manuscript focuses on the BayesFlow
integration, the overall structure applies analogously to pyABC: in both cases, inference relies on repeated
calls to the simulator and a prior specification over model parameters.

C.2 Calibration with particle filters
Particle Markov chain Monte Carlo (PMCMC) methods combine a PF with a Markov chain Monte
Carlo (MCMC) scheme to enable Bayesian inference for nonlinear and non-Gaussian state space models,
where the likelihood is intractable. The main idea is that a PF can produce an unbiased estimate of
the likelihood and this estimate can then be used inside an MCMC acceptance step leaving the target
density, i.e., the parameter posterior, invariant [18].

A PF is a sequential Monte Carlo (SMC) technique based on importance sampling with resampling
primarily used for estimating the latent state distribution by an ensemble of simulated trajectories
(particles) [19]. The main idea is to iterate over the following three steps (i) propagate forward through
the latent dynamics, (ii) weight according to agreement with the data under the observation model,
and (iii) resample to discard low-weight particles and focus computational effort on particles that are
more consistent with the data. Importantly for parameter inference, a PF produces as a by-product a
likelihood estimate obtained by accumulating the normalized weights of each observation step.

5



In this work, we leverage a so-called bootstrap filter, where the propagation step is performed by
simulating directly from the model’s latent dynamics rather than using a tuned proposal. The trade-off
is that for informative observations or a high-dimensional model, the weights can become highly uneven
and a large number of particles must be used to avoid particle degeneracy. We then further combine
this with an outer Metropolis-Hastings (MH) scheme by replacing the likelihood term in the acceptance
step with the PF estimate leading to a version of a pseudo-marginal Metropolis-Hastings (PMMH)
algorithm [20]. The use of a bootstrap filter within an MH scheme yields a practically useful and easily
applicable version of simulation-based exact Bayesian inference for stochastic models [21].

D Details on models and calibration for influenza, Ebola, and
spatio-temporal SARS-CoV-2 use cases

In this section, we provide details on models and calibration as used for Fig. 4 in the main manuscript.

D.1 Calibration with particle filters for influenza and Ebola

D.1.1 SDE-SIRS model for influenza

We use an SIRS model with seasonal transmission as used for influenza in Edlund et al. [22], using an
SDE instead of an ODE formulation. The model equations are given by

dS = −β(t)
S I

N
dt+

1

TR
R dt−

√
β(t)

S I

N
dW1 +

√
1

TR
R dW3,

dI = β(t)
S I

N
dt− 1

TI
I dt+

√
β(t)

S I

N
dW1 −

√
1

TI
I dW2,

dR =
1

TI
I dt− 1

TR
R dt+

√
1

TI
I dW2 −

√
1

TR
R dW3.

The effective transmission rate β(t) is given by

β(t) = β0

[∑
i

(
κi + (1− κi)

g(t− ti, σi)

g(0, σi)
ζ(t, ti)

)]
,

where β0 is the baseline transmission coefficient, (1 − κi) is the fraction by which the transmission
varies during season i, ti is the day of the peak transmission for season i, ζ(t, ti) joins seasons with an
apodization window of ±30 days and σi is the standard deviation of the Gaussian probability distribution
function g(x, σi).

The model is calibrated to weekly incidences of influenza in Germany, as provided by the Robert-
Koch Institute [23]. Summed over all age groups, we extracted the three seasons of the pre-COVID-19
period 2016-W32 (Start day: August 7th, 2016) to 2019-W31 (End day: August 5th, 2019).

As observables, we used the I compartment with additive Gaussian noise, where the variance is scaled
by the size of the I compartment with

Y ∼ N (I, σI).

The initial state is given by a population size of 100 000, as data is provided on incidence per 100 000
level. Of the population, 3280 are initially infected (first data point), 20 000 initially recovered, and the
remaining share of the population being susceptible.

We first fit a Gaussian curve to each season’s data series. From these fits we extracted the values of ti
and σi and treated them as fixed. The observation noise level is fixed to σ = 0.4. The other parameters
are then estimated using the PMMH method using 50 particles and 10 000 iterations of the outer MH
scheme. The parameters with bounds are given in Table 1.

D.1.2 ODE-SEIRDB model for Ebola

We use an SEIRDB model based on the SEIHDR model presented in Legrand et al. [24], explicitly
using a dead but not-buried compartment for postmortem transmission. The formulation used in the
manuscript is given by the following set of equations

dS

dt
= −(ρII + ρDD)S,
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Table 1: Parameters with bounds for SDE SIRS
influenza model in Fig. 4b.

Symbol Description Support Initial value

β0 Baseline transmission rate [0.01, 0.5] 0.05
TI Days being infected [1.0, 14.0] 7.0
TR Days being immune [1.0, 50.0] 14.0
κ1 Seasonal influence season 1 [0.1, 0.5] 0.2
κ2 Seasonal influence season 2 [0.1, 0.5] 0.2
κ3 Seasonal influence season 3 [0.1, 0.5] 0.2

dE

dt
= (ρII + ρDD)S − 1

TE
E,

dI

dt
=

1

TE
E − 1

TI
I,

dR

dt
=

µR
I

TI
I,

dD

dt
=

1− µR
I

TI
I − 1

TB
D,

dB

dt
=

1

TB
D.

The model is calibrated to the Ebola outbreak in Guinea in 2014 [25, 26]. The start day is January 1st,
2014 and the last day is December 31st, 2014.

As observables, we use the flows from E → I together with a negative binomial noise model

Y ∼ NB(d, p) with p = X/(X + d),

where d is the dispersion parameter and p the success probability.
As initial state, we use a population size of 1 × 107, which is roughly the population size of Guinea

and with 10 initially infected. All other individuals are designated as susceptible.
We fix the dispersion to d = 5.0 and estimate all other parameters jointly using the PMMH method

described above with 50 particles and 10 000 iterations of the outer MH scheme. The parameters with
bounds are given in Table 2.

Table 2: Parameters with bounds for ODE SEIRDB Ebola model in
Fig. 4c.

Symbol Description Support Initial value

ρI Transmission probability on contact with infected [0.0001, 0.5] 0.005
TE Days being exposed [1.0, 30.0] 5.0
TI Days being infected [1.0, 50.0] 4.0
µR
I Probability to recover [0.01, 0.99] 0.5

ρD Transmission probability on contact with deceased [0.0001, 0.5] 0.025
TB Time until buried [1.0, 20.0] 2.0

D.2 Calibration with BayesFlow for spatio-temporal SARS-CoV-2
For early SARS-CoV-2 in autumn 2020 where neither vaccination nor waning immunity played a substan-
tial role for disease dynamics, we use a SECIR-type model as presented in Kühn et al. [27]. In addition to
a standard SEIR model, we use a pre-symptomatic infectious state as well as a severe (hospitalization)
and a critical (ICU) state. The local model is described by the equations

dS

dt
= − S

N −D
ϕρ

(
ξC C + ξI I

)
,

dE

dt
=

S

N −D
ϕρ

(
ξC C + ξI I

)
− 1

TE
E,

dC

dt
=

1

TE
E − 1

TC
C,
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dI

dt
=

µI
C

TC
C − 1

TI
I, (1)

dH

dt
=

µH
I

TI
I − 1

TH
H,

dU

dt
=

µU
H

TH
H − 1

TU
U,

dR

dt
=

1− µI
C

TC
C +

1− µH
I

TI
I +

1− µU
H

TH
H +

1− µD
U

TU
U,

dD

dt
=

µD
U

TU
U.

We employ amortized Bayesian inference through BayesFlow [16] for calibration of the model. Here, a
neural inference model is trained exclusively on simulated data and then applied to real observations with-
out requiring additional model-specific optimization. Once trained, posterior inference for the observed
data yobs is obtained by a forward pass through the network, enabling fast inference and uncertainty
quantification in downstream applications.

The BayesFlow pipeline is composed of two main neural components: (i) a summary network which
encodes the simulator output into a latent representation, and (ii) an inference network which transforms
the latent representation into a posterior approximation. These two networks can be trained jointly to
provide optimal latent representation for inference [28].

In this work, we consider the following architectures:

• Summary network: either a TimeSeriesNetwork, which is tailored to sequential model outputs, or a
FusionTransformer, which provides a flexible transformer-based encoder for structured time series.

• Inference network: a FlowMatching model, representing a state-of-the-art approach [15], capable of
capturing complex posterior distributions in high-dimensional parameter spaces.

Table 3: Prior distributions for the fitting of the ODE-based SECIR-type MPM
in Fig. 4d,e.

Symbol Description Distribution

Factor correcting for underreported infec-
tions

Uniform(1., 10.)

r̄ Mean contact reduction factor Uniform(0., 1.)

ri State-specific contact reduction factor TruncatedNormal(MEAN = r̄, STD = 0.1)

TE Average time spent in Exposed state Uniform(1., 5.2)

TI Average time spent in Infected state Uniform(4., 10.)

TH Average time spent in Hospitalized state Uniform(5., 10.)

TU Average time spent in ICU state Uniform(9., 17.)

µR
C Proportion of Recovered per Carrier Uniform(0., 0.4)

µH
I Proportion of Hospitalized per Infected Uniform(0., 0.2)

µU
H Proportion of ICU Cases per Hospitalized Uniform(0., 0.4)

µD
U Proportion of Dead per ICU Uniform(0., 0.4)

ρ Transmission probability on contact Uniform(0., 0.2)

Table 4: Overview of the network details for calibration of the models for Germany and
Spain in Fig. 4d,e.

Scenario Contact change
time points Summary Network Inference Network Epochs

Germany (spatially resolved) 15, 30, 45 FusionTransformer FlowMatching, width=512 500
Germany 15, 25, 35 TimeSeriesNetwork FlowMatching, width=256 300
Spain (spatially resolved) 15, 30, 45 TimeSeriesNetwork FlowMatching, width=512 500
Spain 0, 20, 40 TimeSeriesNetwork FlowMatching, width=512 500
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Training is performed using only simulated trajectories, without access to the observed dataset beyond
its dimensionality and preprocessing conventions. After training, the resulting amortized posterior esti-
mator q can be applied to yobs to generate posterior samples θ ∼ q(θ | yobs). These posterior samples
can then be simulated again to validate if estimated parameters fit the real data.

For the model calibration of Germany and Spain, we use the graph-based MPM with the deterministic
mobility approach. The edge weights are derived from official registration and mobility data, respectively,
for Germany [29] and for Spain [30]. We use reported data from October 1st, 2020 and before [31, 32, 33,
34] together with population data according to the respective spatial resolution to initialize the ODE-
based models. The baseline contact rates are extracted from Prem et al. [35] and set to 7.95 for Germany
and 12.32 for Spain. We assume symptomatic and asymptomatic individuals to be equally infectious,
i.e., ξC = ξI = 1. The contact rates are adjusted every 10 to 20 days, representing the implementation of
nonpharmaceutical interventions (NPIs) or behavioral adaptation. For the models with spatial resolution,
NPIs and adaptation are always implemented on a federal state level. The strictness of the NPIs as
well as the majority of epidemiological parameters are calibrated to the number of ICU cases [31, 33]
by neural parameter estimation through BayesFlow [16]. For the model of Spain, we use version 2.0.7,
while the model of Germany is calibrated using the updated version 2.0.8. We assume uniform prior
distributions for the epidemiological parameters. Their bounds can be found in Table 3. For the damping
values, we assume that the strength of the NPI is similar across the country. Therefore, we draw a mean
value from a uniform distribution and then draw the strength for every federal state from a truncated
normal distribution with this mean. Observation noise is modeled additively on top of the deterministic
model output using a spike-and-slab distribution [36] with a spike of 0.4 and a slab of 0.2. Table 4 gives
an overview over the networks and details for each of the scenarios. For the summary network, we set
the dropout probability to 0.1, and the summary dimension to twice the number of parameters. For
the inference network, we only change the width of the backbone of the flow matching model. All other
hyperparameters are set to their defaults in BayesFlow.

E Models and parameters for scenario analysis of NPIs
In this section, we describe the scenario analysis of Fig. 4f-i. Building upon the calibrated graph-based
MPM described in Section D.2, we study the effects of different NPI strategies in a scenario analysis. To
select a representative simulation, we use the simulation with the smallest root mean square deviation.
The corresponding parameters can be found in Table 5. Selecting the system state at day 60 (November
30th, 2020) as a starting point, we investigate the system’s behavior under the following scenarios:

• No NPIs: lift all NPIs after day 60.
• NPIs continued: continue with the calibrated NPIs at day 60.
• Strict NPIs: increase calibrated NPI strictness by a factor of 1.2.
• DynamicNPIs: introduce DynamicNPIs at day 60 for incidence thresholds of 250 and 1 000 with a

strictness of 0.63 and 0.77, respectively. DynamicNPIs are enforced for 14 days if a threshold is exceeded
and continued if the simulated numbers stay above the threshold.

• DynamicNPIs with optimal control: formulate an optimal control problem with the strictness of
DynamicNPIs as control parameters. The resulting strictness values of 0.53 und 0.9 are obtained by
constraining total infections on January 21, 2021 to 500 000 and minimizing an objective function that
penalizes NPI strictness if NPIs are active, i.e., when the corresponding incidence thresholds of 250
and 1 000 are exceeded, scaled by regional population shares and aggregated across regions and time.
For more details on optimal control, see Section B.3.

F Models and parameters for model comparison
In this section we present the models used for the temporal-hybrid model comparison (Fig. 5b-c, Fig. 6d)
and the ones used for the ABM, ODE, LCT and IDE comparison (Fig. 5d-e).

F.1 Temporal-hybrid model comparison and scaling
For the applications of the temporal-hybrid in Fig. 5b-c and Fig. 6d, the diffusive ABM (dABM) is
coupled with the ODE-based SECIR-type model. The ODE-based SECIR-type model is given by Eq. (1).
For the dABM, the same infection states and state transitions are used, however infectious agents can
transmit the virus only to agents within a given interaction radius r ∈ R. Individual movement is defined
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Table 5: Parameters for NPI scenarios in Fig. 4f-i.

Symbol Description Value

TE Average time spent in Exposed state 4.88165
TC Average time spent in Carrier state 0.31835
TI Average time spent in Infected state 5.55430
TH Average time spent in Hospitalized state 9.32235
TU Average time spent in ICU state 15.49097
µR
C Proportion of Recovered per Carrier 0.19291

µH
I Proportion of Hospitalized per Infected 0.00450

µU
H Proportion of ICU Cases per Hospitalized 0.17786

µD
U Proportion of Dead per ICU 0.15412

ρ Transmission probability on contact 0.09050

by diffusion processes on the single well potential

F (x, y) =
x4 + y4

2
,

enforcing agents to stochastically return to a center region and interact with each other. The temporal-
hybrid model switches between two models according to a predefined condition. With m1(t) ∈ Ω1 the
system state of the first model at time t and m2(t) ∈ Ω2 the system state of the second model, respectively,
the condition is defined by a function Γ : Ω1 × Ω2 → {0, 1}. If Γ (m1(t),m2(t)) = 1, a model switch is
triggered and the state of the currently active model has to be converted to the next used model using
appropriate conversion functions. For the applications in this paper, a threshold value τ is used and Γ is
given by

Γ (m1(t), 0) =

{
1, if (Itotal(t) > τ ∨ Itotal(t) < 1)

0, else

with m1(t) the system state of the dABM at time t and Itotal(t) = E(t) +C(t) + I(t) +H(t) +U(t) the
total number of infected agents at time t. For the application in Fig. 5b-c a threshold of three infected
agents (τ = 3) is used and for Fig. 6d a threshold of 2 %, 5 % and 10 % (τ ∈ {0.02na, 0.05na, 0.1na}) is
compared where na denotes the number of agents.
Since the ODE-SECIR model lacks spatial resolution, the dABM state can be converted by aggregating
agents to subpopulations according to their infection state. Conversely, converting the ODE-SECIR state
to the dABM would require reconstruction of agents’ positions and infection states which could be done
via random sampling. However, in the presented scenarios, the temporal-hybrid model does not switch
back once its active model is the ODE-based model. All parameters used for the simulations are given
in Table 6.

F.2 Comparison of ABM and ODE-, LCT- and IDE-based models
For the comparison of the mobility-based ABM and the ODE-, LCT- and IDE-based models, we con-
sider a SECIR-type disease progression. For more realistic assumptions, we use age-resolved models. To
simplify notation, we will describe the used models only for one age group in the following; see Table 7
and Table 8 for a description of all used parameters.

The ODE-based SECIR-type model is given by Eq. (1). The LCT-based SECIR-type model is given
by

dS

dt
= − S

N −D
ϕρ

(
ξC C∗ + ξI I∗

)
,

dE1

dt
=

S

N −D
ϕρ

(
ξC C∗ + ξI I∗

)
− nE

TE
E1,

dEj

dt
=

nE

TE
Ej−1 −

nE

TE
Ej , for j ∈ {2, . . . , nE}

dC1

dt
=

nE

TE
EnE

− nC

TC
C1,
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Table 6: Parameters for temporal-hybrid applications in Fig. 5b-c and Fig. 6d.

Symbol Description Value

na Number of agents 10 000 (Fig. 5b-c),
{100, 1 000, 5 000, 10 000, 20 000, 30 000} (Fig. 6d)

µI
C Proportion of Infected per Carrier 0.75

µH
I Proportion of Hospitalized per Infected 0.01

µU
H Proportion of ICU Cases per Hospitalized 0.1

µD
U Proportion of Dead per ICU 0.05

TE Average time spent in Exposed state 4.5

TC Average time spent in Carrier state 3

TI Average time spent in Infected state 7

TH Average time spent in Hospitalized state 15

TU Average time spent in ICU state 16

λ Transmission rate 0.5

r dABM interaction radius 0.1

σ dABM noise parameter 0.5

E(t0) Initially Exposed 1 (Fig. 5b-c), 1 % (Fig. 6d)
t0 Simulation start 0

dt (Initial) step size 0.1

tmax Simulation time frame in days 90 (Fig. 5b-c), 60 (Fig. 6d)

dCj

dt
=

nC

TC
Cj−1 −

nC

TC
Cj , for j ∈ {2, . . . , nC}

dI1
dt

= µI
C

nC

TC
CnC

− nI

TI
I1,

dIj
dt

=
nI

TI
Ij−1 −

nI

TI
Ij , for j ∈ {2, . . . , nI} (2)

dH1

dt
= µH

I

nI

TI
InI

− nH

TH
H1,

dHj

dt
=

nH

TH
Hj−1 −

nH

TH
Hj , for j ∈ {2, . . . , nH}

dU1

dt
= µU

H

nH

TH
HnH

− nU

TU
U1,

dUj

dt
=

nU

TU
Uj−1 −

nU

TU
Uj , for j ∈ {2, . . . , nU}

dR

dt
=

(
1− µI

C

) nC

TC
CnC

+
(
1− µH

I

) nI

TI
InI

,

+
(
1− µU

H

) nH

TH
HnH

+
(
1− µD

U

) nU

TU
UnU

,

dD

dt
= µD

U

nU

TU
UnU

,

where Z∗ =
∑nZ

j=1 Zj is the total number of individuals in compartment Z.
The flow-based formulation of the IDE-based SECIR-type model is given by

dS

dt
= −σS,E ,

dE

dt
= σS,E − σE,C ,

dC

dt
= σE,C − σC,I − σC,R,

dI

dt
= σC,I − σI,H − σI,R, (3)

dH

dt
= σI,H − σH,U − σH,R,
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dU

dt
= σH,U − σU,D − σU,R,

dR

dt
= σC,R + σI,R + σH,R + σU,R,

dD

dt
= σU,D,

where the flows are defined via

σS,E(t) =S(t)λ(t), σE,C(t) =−
∫ t

−∞
γC
E

′
(t− x)σS,E(x) dx,

σC,I(t) =− µI
C

∫ t

−∞
γI
C

′
(t− x)σE,C(x) dx, σC,R(t) =−

(
1− µI

C

) ∫ t

−∞
γR
C

′
(t− x)σE,C(x) dx,

σI,H(t) =− µH
I

∫ t

−∞
γH
I

′
(t− x)σC,I(x) dx, σI,R(t) =−

(
1− µH

I

) ∫ t

−∞
γR
I

′
(t− x)σC,I(x) dx,

σH,U (t) =− µU
H

∫ t

−∞
γU
H

′
(t− x)σI,H(x) dx, σH,R(t) =−

(
1− µU

H

) ∫ t

−∞
γR
H

′
(t− x)σI,H(x) dx,

σU,D(t) =− µD
U

∫ t

−∞
γD
U

′
(t− x)σH,U (x) dx, σU,R(t) =−

(
1− µD

U

) ∫ t

−∞
γR
U

′
(t− x)σH,U (x) dx,

and the force of infection is given by

λ(t) =
ϕ(t)

N −D(t)

∫ t

−∞
ξC ρ

(
µI
C γI

C(t− x) +
(
1− µI

C

)
γR
C (t− x)

)
σE,C(x)

+ ξI ρ
(
µH
I γH

I (t− x) +
(
1− µH

I

)
γR
I (t− x)

)
σC,I(x) dx.

The function γZ2

Z1
denotes the survival function of the distribution with respect to TZ2

Z1
, i.e. the mean

time spent in state Z1 before transitioning to state Z2.
In setup S1, exponential infection state transition distributions are used for all models, and we addi-

tionally assume TZ2

Z1
= TZ1

for all feasible Z2 for the ABM and IDE-based model. In setup S2, lognormal
state transition distributions are used for the ABM and IDE-based model based on representative data
for COVID-19 [37]. For the LCT-based model, the parameters of the Erlang distribution are chosen such
that mean and variance are as close as possible to the corresponding lognormal distribution. The expo-
nential distributions in the ODE-based model are chosen such that the mean values agree with those of
the corresponding lognormal distributions. For both setups, we additionally compared different location
structures for the ABM. While in Setups S1.1 and S2.1 only one location per type is used, corresponding
to homogeneous mixing in every location type, in Setups S1.2 and S2.2 multiple locations per type are
used, see Table 8 for the applied distributions.

To ensure comparability between different models, we simulated a single trajectory with the ABM
for 20 days to initialize all models with the same state. More precisely, we use the sample infection
dynamics to initialize the ABM and IDE-based model whereas for the LCT- and the ODE-based model
only the compartment sizes on day 20 are used. The transmission probability on contact used in the
ODE-, LCT- and IDE-based models is harmonized with the transmission rates of the ABM based on
S1.1 and subsequently used for all other scenarios. Eventually, simulations of all models are run for 100
days. The comparison is done between 100 ABM and one deterministic run for each PBM, all starting
from day 20. The effective reproduction number as provided on day 20 is computed with the ODE-based
model using the next generation matrix.
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Table 7: Joint parameters for all scenarios for ABM-IDE-LCT-ODE comparison application in Fig. 5d-e.

Symbol Scenario Description Value

NG all Number of age groups 6

Wage all Age group distribution (0.0477, 0.0903, 0.2275, 0.3447, 0.2183, 0.0714)

µI
C all Proportion of Infected per Carrier (0.75, 0.75, 0.8, 0.8, 0.8, 0.8)

µH
I all Proportion of Hospitalized per Infected (0.0075, 0.0075, 0.019, 0.0615, 0.165, 0.225)

µU
H all Proportion of ICU cases per Hospitalized (0.075, 0.075, 0.075, 0.15, 0.3, 0.4)

µD
U all Proportion of Dead per ICU (0.05, 0.05, 0.14, 0.14, 0.4, 0.6)

ϕ all Contact matrix between age groups Based on Prem et al. [35] and Fumanelli et al. [38]
ρ all Transmission probability on contact (0.0409163, 0.0351982, 0.0337711, 0.0333412, 0.0328736, 0.0300238)
ξC all Proportion of Carrier individuals not isolated 1

ξI all Proportion of Infected individuals not isolated 1

vP all Viral load peak for ABM 8.1

vI all Viral load incline for ABM 2

vD all Viral load decline for ABM −0.17

(α, β) all Viral shed parameters for ABM (−7, 1)

sf all Viral shed factor for ABM Uniform(0, 0.6)
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Table 8: Scenario-specific parameters for ABM-IDE-LCT-ODE comparison application in Fig. 5d-
e.

Symbol Scenario Description Value

TE S1 Average time spent in Exposed state (4.5, 4.5, 4.5, 4.5, 4.5, 4.5)

TC S1 Average time spent in Carrier state (2.825, 2.825, 2.48, 2.48, 2.48, 2.48)

TI S1 Average time spent in Infected state (7.9895, 7.9895, 7.9734, 7.9139, 7.9139, 7.685)

TH S1 Average time spent in Hospitalized state (16.855, 16.855, 16.855, 15.61, 13.12, 11.46)

TU S1 Average time spent in ICU state (17.73, 17.73, 17.064, 17.064, 15.14, 13.66)

TC
E S2 Time from E to C LogNormal(MEAN = 4.5, STD = 1.5)

T I
C S2 Time from C to I LogNormal(MEAN = 1.1, STD = 0.9)

TR
C S2 Time from C to R LogNormal(MEAN = 8.0, STD = 2.0)

TH
I S2 Time from I to H LogNormal(MEAN = 6.6, STD = 4.9)

TR
I S2 Time from I to R LogNormal(MEAN = 8.0, STD = 2.0)

TU
H S2 Time from H to U LogNormal(MEAN = 1.5, STD = 2.0)

TR
H S2 Time from H to R LogNormal(MEAN = 18.1, STD = 6.3)

TD
U S2 Time from U to D LogNormal(MEAN = 10.7, STD = 4.8)

TR
U S2 Time from U to R LogNormal(MEAN = 18.1, STD = 6.3)

nE S2 Number of subcompartments in the LCT model for E (9, 9, 9, 9, 9, 9)

nC S2 Number of subcompartments in the LCT model for C (5, 5, 4, 4, 4, 4)

nI S2 Number of subcompartments in the LCT model for I (16, 16, 16, 15, 15, 13)

nH S2 Number of subcompartments in the LCT model for H (8, 8, 8, 7, 6, 5)

nU S2 Number of subcompartments in the LCT model for U (8, 8, 8, 8, 7, 6)

Whousehold S1.2, S2.2 Household size distribution for the ABM (0.415, 0.342, 0.118, 0.091, 0.034)

nworkplace S1.2, S2.2 Workplace size for the ABM Normal(MEAN = 15, STD = 25)

nmin
workplace S1.2, S2.2 Minimum workplace size for the ABM 5

nschool S1.2, S2.2 School size for the ABM Normal(MEAN = 42, STD = 3)

nmin
school S1.2, S2.2 Minimum school size for the ABM 15

nEvent S1.2, S2.2 Event size for the ABM Normal(MEAN = 42, STD = 941)

nmin
Event S1.2, S2.2 Minimum event size for the ABM 10

nShop S1.2, S2.2 Shop size for the ABM Normal(MEAN = 90, STD = 1000)

nmin
Shop S1.2, S2.2 Minimum shop size for the ABM 30
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G Cross-implementation performance: C++, Python, and R
This section details the implementation specifics for the runtime comparison presented in Fig. 6a of
the main manuscript. The objective of this benchmark is to quantify the computational efficiency of
MEmilio’s C++ backend – accessed directly and via its Python interface – against standard implemen-
tation patterns in the statistical computing language R; which is often used for epidemiological modeling
(see Fig. 1b of the manuscript).

G.1 Model specification and metapopulation extension
For this benchmark, we utilize the standard SEIR compartmental model without age stratification. The
local dynamics for a population of size N(t) = S(t)+E(t)+I(t)+R(t) are given by the following system
of ODEs with

dS

dt
= −λS,

dE

dt
= λS − 1

TE
E,

dI

dt
=

1

TE
E − 1

TI
I,

dR

dt
=

1

TI
I.

Here, TE ∈ R>0 and TI ∈ R>0 denote the average latency and infectious periods, respectively. The force
of infection λi is defined as

λ = ρ ϕ
I

N
,

where ρ ∈ [0, 1] is the transmission probability and ϕ ∈ R>0 denotes the mean daily contact rate.
To evaluate scalability, we extend the PBM to an MPM using the ODE-integrated mobility scheme

as presented in the methods section. The resulting global system of ODEs has a dimension of 4NP , where
NP is the number of patches. The benchmark scales the number of modeled regions NP from 1 to 256.
To ensure a computational load on the mobility handling, we assumed a fully connected topology where
individuals can infect from infected individuals of all regions; weighted with the corresponding commuter
exchange. The mobility coefficients are initialized uniformly.

G.2 Implementations
We compare four implementation approaches to solve the resulting system of ODEs:

1. MEmilio C++: Direct execution of the compiled C++ library using both the explicit Euler and
the Runge-Kutta-4 (RK4) integrator.

2. MEmilio Python (with precompiled C++ code): Execution via MEmilio’s Python bindings.
This setup uses the identical C++ core for calculation but handles the initialization and function calls
through Python, testing the overhead introduced by the Python interface layer.

3. R (Pure): A native R implementation of the explicit Euler scheme. This represents a baseline for
ad-hoc scripts as used for rapid prototyping or modeling tasks.

4. R (with precompiled deSolve): An implementation using the deSolve package in R, which uses
compiled C/Fortran code for the integration steps.

G.3 Simulation parameters
All simulations are performed over a time horizon of T = 500 days with a fixed step size of ∆t = 0.1.
The initial parameters, epidemiological rates, and population sizes used for this benchmark are identical
across all implementations to ensure comparability and the values are listed in Table 9. To mitigate the
impact of execution variability, each benchmark configuration is repeated 40 times. We report the median
runtime to ensure stable timings robust against outliers. The simulations are executed on a dedicated
compute node equipped with an Intel Xeon Skylake CPU (Gold 6132) with 2.60 GHz and 384 GB DDR4
memory.
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Table 9: Simulation parameters and initial conditions for the cross-implementation
performance benchmark in Fig. 6a. The settings are applied identically across the C++,
Python, and R implementations to ensure the comparability of the runtime results.

Symbol Description Value

NG Number of age groups (non-stratified) 1

NP Number of patches (regions) scaled for the benchmark {1, 2, . . . , 256}
S(r)(t0) Initial susceptible population per region r 10 000

E(0)(t0) Initial exposed individuals in region 0 (patient zero seed) 100

E(r)(t0) Initial exposed individuals in regions r > 0 0

I(r)(t0) Initial infected individuals (all regions) 0

R(r)(t0) Initial recovered individuals (all regions) 0

ϕ Average number of daily contacts 2.7

ρ Transmission probability on contact 0.01

TE Average time spent in Exposed state 5.2 days
TI Average time spent in Infected state 6.0 days
tmax Simulation time frame in days 500

∆t Fixed step size for numerical integration 0.1 days
Cr Retention rate (individuals staying in home patch r) 0.8

Crs Mobility rate (r ̸= s): Outflow distributed uniformly to all other patches (fully
connected)

0.2
NP−1

H Benchmarking Graph Neural Network surrogates against
metapopulation model

This section describes the setup for the performance comparison between the mechanistic graph-based
MPM based on the formulation in Kühn et al. [27] and the Graph Neural Network (GNN) surrogate
model based on Schmidt et al. [39], as presented in Fig. 6e of the main manuscript. The objective is
to quantify the computational speedup achieved by replacing the numerical integrator with a learned
surrogate in large-scale ensemble scenarios.

H.1 Surrogate model architecture and training
The surrogate model is implemented using TensorFlow [40] and the Spektral [41] library for graph deep
learning. The architecture is adapted from Schmidt et al. [39] and designed to capture spatio-temporal
dynamics on the graph of Germany’s 400 districts (N = 400) considering NG = 6 distinct age groups.

Specifically, the network consists of a GNN with seven ARMA convolutional layers (ARMAConv) [42],
each configured with 512 channels and ReLU activation. The final layer is a dense projection layer that
maps the node features to the output time-series (flattened trajectory of all compartments over the
simulation horizon). Input features include the binary connectivity matrix of the mobility network and
the full initial state vector, comprising eight epidemiological compartments for each of the six age groups
across all 400 districts.

To ensure the surrogate generalizes across different epidemiological regimes, it is trained on a dataset
of 1 000 distinct mechanistic simulations. These simulations are generated by varying the initial condi-
tions, specifically the magnitude and spatial distribution of the initial infections, in a graph-based MPM.
The dataset is split into training (80 %), validation (10 %), and test (10 %) sets. Training is performed
using the Adam optimizer with a mean squared error loss function. To ensure robust convergence and
prevent overfitting, we employ early stopping based on the validation loss. Detailed information on the
parameter distributions used for dataset generation can be found in Schmidt et al [39].

H.2 Benchmark setup
We compare the runtime of both approaches for three distinct prediction horizons (30, 60, and 90 days)
and varying simulation batch sizes B ∈ {1, 2, 4, . . . , 128}. The simulation batch size represents the number
of independent simulations computed simultaneously.

• Graph-based MPM: The reference runtimes are derived from the execution time of the optimized
C++ solver for the graph-based MPM using a SECIR model (see Eq. Eq. (1)) for the local nodes.
Since the numerical integration of independent ensemble members is performed sequentially on the
benchmark hardware, the total runtime scales linearly with the number of simulations.
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• GNN Surrogate: The evaluation time is measured on a GPU-accelerated node. For each configura-
tion, we performed 100 evaluations and reported the mean wall-clock time. Thanks to the parallelism
of the GPU, the evaluation time is nearly constant for all batch sizes.

The surrogate maintains a stable mean absolute percentage error of up to 15 % relative to the
mechanistic ground truth across all batch sizes, confirming that the massive speedup does not come at
the cost of degrading approximation quality [39]. All measurements are conducted on a compute node
equipped with an Intel Xeon Scalable Processor Skylake (Silver) and four NVIDIA Tesla V100 SXM2
GPUs (16 GB VRAM). The GNN inference utilizes a single GPU, while the ODE baselines are executed
on the CPU.

I Performance evaluation of PBMs and MPMs
In this section, we provide the models and setups used for the performance evaluation of the PBMs as
presented in Fig. 6b,f of the manuscript.

I.1 Scaling with respect to regions in ODE-, LCT-, and IDE-based MPM
For the region-dependent scaling in Fig. 6b we use the graph-based SECIR-type MPM using ODE-based
(see Eq. (1)), LCT-based (see Eq. (2)), and IDE-based (see Eq. (3)) models in the local nodes. For each
model we consider NG = 1 age groups and performed 100 simulations for a time frame of 30 days and
a varying number of regions NP = {200, 250, 300, ..., 1 000}. The ODE- and LCT-based MPM realize
mobility using the instant mobility approach with a node degree of 100. MEmilio’s IDE-based MPM is
not yet able to incorporate mobility, hence its simulations are run without any exchange of individuals
between regions.

I.2 Strong scaling with respect to the number of simulations
The strong scaling setup for the PBMs in Fig. 6f uses SECIR-type models considering NG = 6 age
groups. The models are initialized with population and case data for the early phase of the COVID-19
pandemic in Germany [32] and with parameters motivated by Kühn et al. [27], with an added variation of
±10 % to all infection parameters such that the simulated scenarios differ in each run. The graph-based
MPMs using ODEs represents NP = 400 German counties while the simulations of IDE- and LCT-based
model only use one global representation i.e., NP = 1. Contact patterns for the graph-based MPM and
LCT-based models are based on Prem et al. and Fumanelli et al. [35, 38]. The mobility data for the
ODE-based MPM is obtained from official data from 2020 [43]. The parameter values for all models are
detailed in Table 10. We performed a total of 16 384 simulations for the LCT- and IDE-based model each
and 1 280 simulations for the graph-based MPM, scaled over 1 to 128 cores.

All PBM and MPM simulations are performed on (up to) three Intel Xeon Skylake (Gold 6132) CPU
nodes with 56 cores with 2.60 GHz and 384 GB DDR4 memory.
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Table 10: Parameters for scaling applications of PBMs and MPMs in Fig. 6b,f. Values in parentheses indicate values per age group (youngest to oldest).

Symbol Model Description Value

NG all Number of age groups 1 (Fig. 6b), 6 (Fig. 6f)

ξC ODE, LCT Proportion of people from the Carrier compartment who are not isolated 1.0

ξI ODE, LCT Proportion of people from the Infected compartment who are not isolated 0.3

ρ ODE, LCT Transmission probability on contact 0.07333 (Fig. 6b), (0.03, 0.06, 0.06, 0.06, 0.09, 0.175) (Fig. 6f)
µR
C ODE, LCT Proportion of Recovered per Carrier 0.206901 (Fig. 6b), (0.25, 0.25, 0.2, 0.2, 0.2, 0.2) (Fig. 6f)

µH
I ODE, LCT Proportion of Hospitalized per Infected 0.07864 (Fig. 6b), (0.0075, 0.0075, 0.019, 0.0615, 0.165, 0.225) (Fig. 6f)

µU
H ODE, LCT Proportion of ICU cases per Hospitalized 0.17318 (Fig. 6b), (0.075, 0.075, 0.075, 0.15, 0.3, 0.4) (Fig. 6f)

µD
U ODE, LCT Proportion of Dead per ICU 0.21718 (Fig. 6b), (0.05, 0.05, 0.14, 0.14, 0.4, 0.6) (Fig. 6f)

TE ODE, LCT Average time spent in Exposed state 3.335 (Fig. 6b), (3.335, 3.335, 3.335, 3.335, 3.335, 3.335) (Fig. 6f)
TC ODE, LCT Average time spent in Carrier state 2.58916 (Fig. 6b), (2.74, 2.74, 2.565, 2.565, 2.565, 2.565) (Fig. 6f)
TI ODE, LCT Average time spent in Infected state 6.94547 (Fig. 6b), (7.02625, 7.02625, 7.0665, 6.9385, 6.835, 6.775) (Fig. 6f)
TH ODE, LCT Average time spent in Hospitalized state 7.28196 (Fig. 6b), (5., 5., 5.925, 7.55, 8.5, 11.) (Fig. 6f)
TU ODE, LCT Average time spent in ICU state 13.066 (Fig. 6b), (6.95, 6.95, 6.86, 17.36, 17.1, 11.6) (Fig. 6f)

nZ LCT Number of subcompartments per compartment 1 (S, R, D), 5 (E, C, I, H, U)

γ(τ) IDE Expected proportion of individuals who remain in the considered compartment τ days after entering SmootherCosine(2)
ρ IDE Transmission probability on contact ConstantFunction(1)
ξC IDE Proportion of people from the Carrier compartment who are not isolated ConstantFunction(1)
ξI IDE Proportion of people from the Infected compartment who are not isolated ConstantFunction(1)
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Table 11: ABM Parameters for Fig. 6c,f. For the proportional parameters in the second part,
values are given for the different age groups in ascending order. We denote LogNormal distributions
with dependency on (mean, std) as parameters. Contact scaling of the baseline contact matrices are
provided for the five location types: Home, School, Work, SocialEvent, and BasicsShop.

Symbol Description Value Source

vP Viral load peak 8.1 [44]
vI Viral load incline 2 [44]
vD Viral load decline −0.17 [44]
(α, β) Viral shed parameters (−7, 1) [44]
sf Viral shed factor Uniform(0.00, 0.28) Adopted from [45]
s Contact Matrix Scaling (21.0, 4.8, 1.5, 14.4, 3.16) [46]
λ Infection rate from viral shed 1.0 Manual Adoption

µI
C Proportion of Infected per Carrier (0.5, 0.55, 0.6, 0.7, 0.83, 0.9) [37, Tab. 2]

µH
I Proportion of Hospitalized per Infected (0.02, 0.03, 0.04, 0.07, 0.17, 0.24) [47]

µU
H Proportion of ICU cases per Hospitalized (0.1, 0.11, 0.12, 0.14, 0.33, 0.62) [48, Tab. 2]

µD
U Proportion of Dead per ICU (0.12, 0.13, 0.15, 0.26, 0.4, 0.48) [48, Tab. 2]

TC
E Time from E to C LogNormal(MEAN = 4.5, STD = 1.5) [37, Tab. 1]

T I
C Time from C to I LogNormal(MEAN = 1.1, STD = 0.9) [37, Tab. 1]

TR
C Time from C to R LogNormal(MEAN = 8.0, STD = 2.0) [37, Tab. 1]

TH
I Time from I to H LogNormal(MEAN = 6.6, STD = 4.9) [37, Tab. 1]

TR
I Time from I to R LogNormal(MEAN = 8.0, STD = 2.0) [37, Tab. 1]

TU
H Time from H to U LogNormal(MEAN = 1.5, STD = 2.0) [37, Tab. 1]

TR
H Time from H to R LogNormal(MEAN = 18.1, STD = 6.3) [37, Tab. 1]

TD
U Time from U to D LogNormal(MEAN = 10.7, STD = 4.8) [37, Tab. 1]

TR
U Time from U to R LogNormal(MEAN = 18.1, STD = 6.3) [37, Tab. 1]

J Performance evaluation of the mobility-based ABM
The large-scale ABM simulations are executed on JURECA-DC supercomputing facility [49] equipped
with compute nodes of 2x AMD EPYC 7742, 2× 64 cores with 512GB DDR4 memory per node and
where we fix the frequency to 2 GHz.

J.1 Comparisons with other frameworks
Runtime scaling experiments in Fig. 6c are conducted using the ABM configured with COVID-19 disease
parameters as described in Table 11. The simulation is initialized with approximately 0.05 % of agents
initially infected (exposed), using a synthetic population based on German census data [50, 51, 52, 53],
divided into six age groups. To isolate computational overhead from logging operations, a minimal logger
configuration is employed. Each benchmark run simulated five days of epidemic dynamics resulting in
120 time steps.

For comparison, equivalent runtime scaling experiments are performed using Covasim and Open-
COVID. Similarly to our ABM, simulations are initialized with approximately 0.05 % of the population
initially infected (exposed) and run for 120 time steps of one day. Covasim benchmarks use the hybrid
population generation for Germany and OpenCOVID benchmarks the default age distribution together
with the default contact network for Germany. Finally, each simulation is run for 1, 2, 4, 8, 16, 32, 64,
128, and 256 million agents. Unfortunately, we were unable to complete simulations of Covasim and
OpenCOVID with 128 and 256 million agents without running out of memory.

J.2 Strong scaling with respect to the number of simulations
Strong scaling in Fig. 6f is conducted using a population of 2 000 000 agents divided into six age groups.
The synthetic population is generated based on German census data [50, 51, 52, 53], and the simulation
is parameterized with COVID-19 disease parameters, again shown in 11. Results of 1 to 128 cores are
conducted on a single node while results from 128 to 16 384 cores are conducted on 1 to 128 nodes with
128 cores each. As before, 0.05 % of agents are initially Exposed. Disease state transitions are recorded
using a logger to capture the temporal evolution of epidemiological compartments. Each simulation covers
a 14-day period.
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