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Abstract Calibrating agent-based transport models is usually treated as a black-box problem that needs hundreds to thousands
of independent simulation runs. We present an alternative, single-run calibration framework in which parameter updates are
embedded directly into the MATSim iteration loop, drawing on stochastic batch optimization from machine learning. Choice
variables logged during each MATSim iteration are reused as an on-the-fly dataset for a derivative-free optimizer, and updates
are smoothed with an exponential moving average. We illustrate the approach on a large-scale Switzerland scenario, including a
validation at the level of individual cantons, where mode-specific constants are calibrated separately for each of the 26 cantons
within a single run.

Keywords Agent-based modeling; calibration; optimization; transportation modeling; MATSim.

1 Introduction
Agent-based models (ABMs) are widely used in transporta-
tion planning because they can represent the heterogeneous
behavior of individual travelers and their interactions [1, 2],
capturing responses to policy interventions and new mobil-
ity solutions that aggregate models cannot [3, 4]. A persis-
tent obstacle to their practical use is calibration [2, 5, 6]:
adjusting model parameters so that simulated outputs match
observed data.

In MATSim [7], mode choice is governed by utility func-
tions whose parameters, alternative-specific constants (ASCs)
and marginal utilities, are typically estimated from survey
data and then calibrated, either manually [8–11] or with
black-box optimization [12, 13]. Both routes require many
complete simulation runs; for large-scale scenarios, where
a single run can take hours, this quickly becomes the domi-
nant computational cost of a modeling project.

This work presents an alternative paradigm: online cal-
ibration, where parameter adjustment happens within a sin-
gle simulation run rather than across many independent ones,
using an idea borrowed from stochastic optimization in ma-
chine learning.

2 Related Work
ABMs are used across many fields: economics [14, 15], so-
ciology [16], biology and ecology [17–19], epidemiology
[5], energy systems [20], land use [21], and emissions [22,
23]. Calibration is a shared bottleneck [24]. Beyond man-
ual tuning and grid search, common black-box strategies in-
clude evolutionary and population-based methods such as
genetic algorithms [25, 26], particle swarm optimization [27],
and CMA-ES [12]; Bayesian optimization [28, 29]; and gradient-
free stochastic approximation such as SPSA [13, 30]. Sur-
rogate models (Gaussian processes, random forests, neural
networks) are also used to reduce the number of full sim-
ulation runs [31–33], though at the cost of extra surrogate-
validation effort.

Within transportation, Liang [13] applied SPSA to MAT-
Sim utility parameters, Hörl [12] built a general calibration
framework around CMA-ES, SPSA and Natural Evolution
Strategies, Agarwal et al. [34] used the search-acceleration

strategy of Flötteröd [35], and Zhang et al. [36] and Agriesti
et al. [37] used surrogates to cut down the number of runs. A
more targeted, closed-form update rule for ASCs was pro-
posed by Rakow and Nagel [38] and applied iteratively by
Rakow et al. [39], alternating a full MATSim run with an
ASC update after each run. All of these methods, however,
still rely on repeated, independent full simulations. Our ap-
proach instead abandons the multi-run paradigm altogether.

3 Background
Our work is based on the eqasim pipeline [8], which com-
bines census data, travel surveys and OpenStreetMap into a
synthetic population with individual attributes and daily ac-
tivity plans, representative of the travel demand. It provides
ready-to-use scenarios such as Île-de-France [40], Califor-
nia [41], and Switzerland [42]. Simulations are run in MAT-
Sim [7], an open-source, activity-based transport simula-
tor that iteratively re-plans a subset of agents each iteration
and drives the system toward a stochastic user equilibrium.
Mode choice is handled by MATSim’s discrete mode choice
(DMC) extension [43, 44], in which a subset of agents re-
evaluate their mode using a multinomial logit model [45, 46]
at every iteration.

Our calibration framework borrows from stochastic gra-
dient (SG) methods in machine learning [47, 48], which
update model weights on small, randomly sampled mini-
batches rather than on the full dataset at once, with variants
such as momentum [49] and Adam [50] smoothing the re-
sulting noisy updates.

4 Methodology: Online, Single-Run
Calibration

The framework rests on a quasi-static assumption: because
only a small share of agents (typically 5%) replan their mode
choice at each MATSim iteration, network conditions, and
therefore the choice variables (travel time, cost, waiting time,
transfers, . . . ) faced by replanning agents change only marginally
between two consecutive iterations, especially after an ini-
tial warm-up. This makes it possible to log rather than re-
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Figure 1: Discrete Mode Choice Calibration Loop: choice variables logged during each MATSim iteration feed a derivative-
free optimizer, whose output parameters are fed back into the next iteration.

simulate the decision context: at every iteration i, the choice
variables and chosen mode of every replanning agent are
recorded, forming a dataset D (i).

Given D (i), the deterministic utility and choice probabil-
ity of any candidate parameter vector θ (ASCs and marginal
utilities) can be recomputed offline, instantly, without call-
ing MATSim again. This turns each MATSim iteration into
a mini-batch, illustrated in Figure 1: a derivative-free op-
timizer (we use CMA-ES, though SPSA, PSO, TPE and
genetic algorithms are also supported) searches for the θ

that minimizes the discrepancy between simulated and ob-
served mode shares (e.g., a log-MSE or Jensen–Shannon
divergence loss) and the resulting parameters are fed back
into MATSim for the next iteration. Calibration therefore
converges alongside the simulation itself, with no restart
and no additional full runs. In our experiments, optimizing
seven utility parameters with CMA-ES increased the com-
putation time by only 2–3 minutes per MATSim iteration,
corresponding to 8–13% of the runtime of a single iteration.

Because updates are computed on a small, randomly
varying subset of agents, raw proposals θ ∗(i) can be noisy.
We stabilize them with an exponential moving average (EMA),
analogous to momentum in ML optimizers:

θ
(i) = γ θ

(i−1)+(1− γ)θ
∗(i), (1)

where γ ∈ [0,1) is a decay factor, typically started low for
fast early adaptation and increased toward 1 as the simula-
tion approaches equilibrium.

5 Validation: Calibration of Canton-
Specific ASCs

We validated the approach on the eqasim Switzerland sce-
nario [42], a national, 5%-sample, all-canton simulation with
five modes (walk, bike, car, car passenger, PT), extensively
used in prior work [51]. A single, nationwide ASC per mode
reproduces Switzerland’s aggregate mode shares well, but
hides substantial regional heterogeneity across the 26 can-
tons, which differ in language, geography, taxation, and cul-
tural characteristics. To test the proposed methodology and
its capability to scale to finer spatial granularity, we replaced
the nationwide constant α j with a canton-specific constant
α jc, updated every MATSim iteration from the mode choices
of agents residing in canton c only.

Because only 5% of a 5%-sampled population replans
per iteration [52], some cantons yield very few replanning
observations per iteration. We therefore only update a can-
ton’s constants once at least 800 replanning agents have
accumulated for that canton, pooling observations across
MATSim iterations for smaller cantons if needed.

Figure 2 shows the evolution of the calibrated parame-
ters over MATSim iterations. During the 90-iteration run,
the parameters for most cantons stabilize by approximately
iteration 60, which is the same number of iterations required
for an uncalibrated run to reach equilibrium. This indicates
that cantonal calibration does not require additional itera-
tions. Figure 3 compares the resulting mode shares by can-
ton with those reported in the Swiss Microcensus on Mo-
bility and Transport [53]. The results show good agreement
between the simulated and observed mode shares across all
simulated cantons.

Figure 2: Simulated vs. observed mode shares within each
of the 26 Swiss cantons, calibrated online within a single
MATSim run.

Achieving this level of spatial granularity with a tradi-
tional multi-run pipeline would require hundreds or thou-
sands of independent full simulations, whereas the proposed
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Figure 3: Simulated vs. observed mode shares within each of the 26 Swiss cantons, calibrated online within a single MATSim
run.

approach incurs only a small additional computational cost.

6 Discussion and Outlook
Online calibration converges in roughly the same number
of iterations as an uncalibrated run, at a marginal computa-
tional overhead. As with any non-convex calibration prob-
lem [6], multiple local minima remain a concern, and mo-
mentum smoothing can occasionally settle parameters in a
mixture of local optima rather than a single one; we rec-
ommend testing different optimizer and objective function
settings (e.g., larger CMA-ES populations, warm-up opti-
mizer from previous runs, multiple objective functions) and,
when individual survey observations are available, comple-
menting this framework with discrete choice re-estimation
tools such as Biogeme [54]. Natural extensions of this work
include applying the same principle to network parameters
(capacities, free-flow speeds), to MATSim scoring loop, and
to other large-scale ABMs.

Data and Code Availability
The calibration framework is implemented in eqasim-java1;
the optimizers are available in Python2; the Switzerland sce-
nario3 and the openly accessible Île-de-France scenario4 are
both compatible with this methodology.

1https://github.com/eqasim-org/eqasim-java/tree/cmdp
2https://github.com/Dib-AEK/EqasimParametersCalibration
3https://github.com/eqasim-org/eqasim-switzerland
4https://github.com/eqasim-org/ile-de-france
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