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To assess cell migration in complex spatial environments, microfabricated chips, such as mazes and
pillar forests, are routinely used to impose spatial andmechanical constraints, and cell trajectories are
followed within these structures by advanced imaging techniques. In systems mechanobiology,
computational models serve as essential tools to uncover how physical geometry influences
intracellular dynamics; however, decoding such complex behaviors requires advanced inference
techniques. Here, we integrated experimental observations of dendritic cell migration in a
geometrically constrainedmicroenvironment into a Cellular Pottsmodel. We demonstrated that these
spatial constraintsmodulate themotility dynamics, including speedanddirectional changes.Weshow
that classical summary statistics, such asmean squareddisplacement and turning angle distributions,
can resolve key mechanistic features but fail to extract richer spatiotemporal patterns, limiting
accurate parameter inference. To solve this, we applied neural posterior estimation with in-the-loop
learning of summary features. This learned summary representation of the data enables robust and
flexible parameter inference, providing a data-driven framework for model calibration and advancing
quantitative analysis of cell migration in structured microenvironments.

Tissues are complex, highly organized systems comprising cells and extra-
cellular components that exhibit dynamic behavior and structural hetero-
geneity across developmental stages. This spatiotemporal complexity,
encompassing both biochemical gradients and mechanical cues, critically
influences cell behavior, particularly migration dynamics within structured
or constrained environments1,2.

Coordinated migration of immune cells is a prerequisite for a
properly operating immune system. One prominent route of immune
cells is the migration of dendritic cells (DCs) from the periphery to sec-
ondary lymphoid organs such as lymph nodes by following chemokine
gradients3. Such guided migration, termed chemotaxis for soluble
attractants and haptotaxis for immobilized chemokine gradients, arises
from chemokine-receptor engagement and downstream signaling that
coordinate chemotactic sensitivity, migration persistence, cell morpho-
logical dynamics, and traction forces within the chemically and
mechanically defined microenvironment4.

Advances in live cell imaging have facilitated the acquisition of
extensive quantitative data to capture the migration of cells5. The in-depth
interpretation of these data necessitates computational models, which
capture multiscale interactions and describe emergent behaviors. State-of-
the-art modeling approaches, including discrete and continuous models in
both temporal and spatial domains, aswell as hybrid frameworks, have been
employed to capture cell behavior and cell-cell interactions within complex
environments6–10. Specifically, Cellular Potts models11 and vertex models,
which are continuous in time and discrete in space, are utilized to simulate
cell interactions, with numerous software platforms available for imple-
menting and testing these models12–17. Unlike stochastic differential equa-
tion approaches, which primarily capture the motion of cell centroids, the
Cellular Potts model explicitly represents spatially extended cells, allowing
direct modeling of shape deformations and interactions between cells and
their environment. This makes it particularly suitable for studying migra-
tion dynamics in structured environments where spatial effects dominate.
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Various studies have leveraged such simulations to unravel the dynamics of
chemotaxis and cell migration, emphasizing the pivotal role of computa-
tional models in understanding cellular behavior18,19,20,21.

A central challenge in applying these models is their calibration using
experimental data. Typically,model parameters are not directlymeasurable,
yet they are crucial for elucidating biological mechanisms. Parameter esti-
mation enables quantitative modeling22,23, hypothesis testing24, and predic-
tion of dynamic responses to perturbations25,26. The inference of cell
migration-related parameters has been previously explored27,28. State-of-
the-art approximate Bayesian computation (ABC) sequential Monte Carlo
pipelines facilitate model calibration based on sequential rounds of simu-
lations updating the posterior without the need to derive a likelihood, but
rely on summary statistics to reduce the dimensionality of the data29–31.
These statistics, such as the mean squared displacement or turning angle
distributions of cell movement, are often hand-crafted based on domain
knowledge. However, they may fail to provide relevant information for
precise parameter estimation. To address these challenges in the context of
ABC, recent approaches have included adaptive algorithms that weight
hand-crafted summaries to maximize the posterior information gained
from a dataset or to learn summaries on pairs of parameters and
simulations32–34. However, hand-crafted summaries or summaries based on
the posterior mean may not be sufficient to reconstruct the posterior
shape34,35. As ABC methods require a large number of model simulations,
their applicability in the context of complex migration models remains
unclear.

Alternatives to ABC, such as neural posterior estimation (NPE)
methods, employ neural networks to learn mappings from data to model
parameters, effectively handling high-dimensional data and sophisticated
models and circumventing the limitations of conventional ABCmethods36.
By training neural networks, relevant features can be extracted auto-
matically from the data, and NPE can improve parameter estimation
accuracy37. Extensive studies have shown the successful application of NPE
on various datasets38,39, but not yet in the context of cell migration in spatial
environments.

In thismanuscript,we assessed the applicationof classical andmachine
learning simulation-based inference methods for the analysis of cell
migration in complex environments. We implemented a comprehensive
inference pipeline to evaluate the different inference approaches. As an
important example of the interplay between spatial structure and cell
migration, we focused on DC movement in complex environments.
Therefore, we designed microstructured polydimethylsiloxane chips that
impose obstacles on migrating DCs and recorded their trajectory data. To
analyze the data, a Cellular Potts model of migration in a spatially complex
environment was constructed, and ABC with different summary statistics
was compared with NPE using simulated and experimental data.

Through simulation studies, we demonstrated that themodel captures
the effects of spatial confinement on cell migration, highlighting the
importance of incorporating complex geometries in quantitative analyses of
cell migration. Subsequently, we showed that the parameters used for the
simulation study can be reconstructed using tailored inference methods.
Following these results, we applied our inference pipeline to the experi-
mental data to analyze how environmental mechanics and structure
influence cell behavior.

Results
To quantitatively dissect how chemokine gradients and physical constraints
influence DCmigration, we designed a structured in vitro assay and built a
mechanistic in silico model based on the Cellular Potts framework. We
performed parameter inference using likelihood-free methods, as the Cel-
lular Potts model lacks an explicit likelihood function that would allow
classicalBayesianmethods, likeMarkov chainMonteCarlo.Using synthetic
datawith knownground truth, we systematically evaluated four simulation-
based inference strategies: (i) approximate Bayesian computation sequential
Monte Carlo (ABC) with hand-crafted summary statistics (normalized
displacement, velocity, turning angle, andangledegree); (ii)ABCemploying

a neural network as a feature extractor trained either to predict the posterior
mean (ABC-PM)or (iii) with summaries tailored for inference (ABC-NPE);
and (iv) NPE with jointly trained summary networks (as described in the
“Methods”). We then applied the pipeline to calibrate our model on
experimentally tracked DC trajectories under chemotactic stimulation
within a microstructured polydimethylsiloxane (PDMS) pillar array,
offering mechanistic insights into how chemical signals and spatial barriers
jointly govern immune cell navigation.

Experimental analysis of DCmigration in pillar forests reveals
high cell-to-cell variability
DCsmust efficientlymigrate through complex tissue environments to reach
lymphoid organs, guided by chemokine gradients. Understanding how they
integrate chemical signals with physical constraints is critical for deci-
phering themechanisms of the immune system. To study this interplay, we
exposed bone marrow-derived DCs to a stable CCL19 gradient and con-
fined them within a microfluidic chip containing a pillar forest with 10 μm
gaps (Fig. 1Aand ref. 40). Time-lapse videomicroscopywasused to track the
nuclear positions at 30-s intervals in the visible window (Fig. 1B), yielding
trajectories of variable length depending onhow long a cell remainedwithin
the field of view (further experimental details in “Methods”).

The analysis of the tracks revealed that cells follow the chemokine
gradient, whose strength decreases with distance from the chemokine hole
(Fig. 1B and ref. 41). Yet, we observed a high cell-to-cell variability. Indeed,
only a subset of 147 cells migrated toward the chemokine source within the
first 2 h of imaging, while some did not respond to the gradient, moved
outside the field of view, or shifted along the z-axis. For a quantitative
assessment comprehensive of the process, we assess four descriptive mea-
sures of migration (see “Methods”): (1) Normalized displacement, which
quantifies overall progress across the track; (2) Velocity, which reflects the
average speed of migration; and (3) Turning angle and (4) Angle degree
distributions, which characterize directional biases toward the chemokine
gradient or deflections caused by obstacles.

These summary statistics formed the basis for quantitative comparison
with amechanisticmodel, linking experimental single-cellmeasurements to
simulations and providing insight into how DCs balance chemokine gui-
dance with geometric restrictions imposed by tissue-like barriers.

Integrative modeling and inference pipeline enables simulation
and inference
To analyze DC migration, we developed a 2D Cellular Potts model with
chemotactic signaling and persistent random motion embedded in a
simulation-based inference pipeline. In this lattice-based stochastic frame-
work, cells are represented as extended domains of lattice sites, allowing the
simulation of realistic cell shapes and their deformations. Cell behavior
emerges from an energy minimization principle that combines terms for
volume constraints with responses to external cues, such as chemokine
gradients, allowing us to generate trajectories under conditions that mimic
the experimental setup (Fig. 1C).Model simulations provide cell trajectories
and allow for the computation of the afore-described summary statistics.

The model possesses four parameters with a substantial influence on
the migration patterns (Fig. 1D): the chemokine attraction strength mdir,
which quantifies the sensitivity of cells to the chemokine gradient mod-
ulating directed movement; the intrinsic random motion strength mrand,
which governs the bias toward previously randomly chosen movement
directions; the rate λ for the waiting-time distribution between directional
changes of the intrinsic random motion; and the target area a, which reg-
ulates cell size via area constraints (for details, see “Methods”).

To estimate these parameters from data, we established a simulation-
based inference pipeline (Fig. 2A). This pipeline supports (i) approximate
Bayesian computation sequential Monte Carlo (ABC) with hand-crafted
summary statistics (Fig. 2B), (ii) ABCwith neural feature extractors trained
to predict posterior means (ABC-PM) (Fig. 2C), (iii) ABC with inference-
tailored summaries (ABC-NPE) (Fig. 2C), and (iv) NPE using jointly
trained summary networks (see “Methods”).
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Fig. 1 | Schematic depiction of the experimental and modeling setup. ADendritic
cells were placed in an entry hole on the left and followed a chemokine gradient to the
right through the pillar forest on a microstructured polydimethylsiloxane (PDMS)
chip. B Top-down differential interference contrast (DIC) microscopy view within
the visible window of the pillar forest, where cells were tracked within the first 2 h of
imaging. Dextran was added to the CCL19 solution to visualize the chemokine

gradient. C Zoomed-in visualization of a simulation of the Cellular Potts model
(CPM). D Visualization of the four model parameters to be estimated in the CPM:
the intrinsic random motion strength mrand (upper left tile), the chemokine
attraction strength mdir (upper right tile), the target area of a cell a (lower left tile),
and the rate λ until the cell changes its intrinsic direction (lower right tile). Parts of
this figure were created using BioRender.

Fig. 2 | Overview of our pipeline for parameter inference in cell migration
models. A Workflow in our pipeline for parameter inference of cell migration,
supporting approximate Bayesian computing (ABC) and amortized neural posterior
estimation (NPE). B Visualization of the hand-crafted summary statistics for ABC.

C Design of neural network architectures and the corresponding training objective
for the standalone summary network sψ (ABC-PM) and the joint objective for neural
posterior estimator qψ 0 and summary network sψ (NPE). D Latent-space repre-
sentation of the NPE summary network obtained via LASSO-regression (α = 0.1).
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The fourmethods that are supported by our pipeline differ in how they
summarize the data and approximate the posterior distribution. Sequential
Monte Carlo ABC approximates the posterior iteratively by updating the
proposal distribution across multiple generations until a certain stopping
criterion is met, which makes it computationally demanding. In contrast,
NPE uses a conditional normalizing flow combined with a summary net-
work that is jointly trained on simulation-parameter pairs by minimizing
the Kullback–Leibler divergence between the true and estimated posterior.
The summary network learns a latent representation of the data that is
specifically tailored for parameter inference (Fig. 2D), in contrast to hand-
crafted summary statistics, which may fail to capture the full information
content of the data. This motivates the use of neural networks as adaptive
summary extractors. Earlier approaches trained neural networks to predict
posterior means using a mean-squared error objective and then integrated
these predictions into ABC as data-driven summaries32,42. In contrast, we
reuse the summary network trained within the NPE framework directly
within ABC, ensuring that the learned representations are optimized for
posterior inference. Neural networks can be more sensitive to model
misspecification43,44, whereas ABC provides the guarantee that the chosen
summary statistics are optimizedwith respect to a defined distancemetric45.
Combining both approaches, therefore, yields a data-driven inference fra-
mework that benefits from the flexibility of neural networks while retaining
the robustness guarantees of ABC.

This comprehensive pipeline allows for the assessment of the different
methods for inference of Cellular Potts model parameters from DC tra-
jectories, linking experimental migration data to the underlying stochastic
processes shaped by chemokine gradients and physical barriers.

Inference-tailored summaries enable accurate inference on
simulated cell movement in complex environments
To evaluate the different methods supported by the pipeline and to assess
the reproducibility of results, we performed an in silico study. Therefore, we
conducted experiments using three synthetic datasets generated by the
simulation model, as additional runs would substantially increase compu-
tational cost without providing further insights. For each dataset, we
attempted to recover the underlying ground truth parameters, which were
sampled from the prior distribution of the parameters of the CPM (see
“Methods”).

TheABCmethodswere run until either aminimumacceptance rate of
0.01 was reached or a maximum of 15 sequential generations was com-
pleted, including a pre-calibration round, resulting in sequential updates of
the posterior (Fig. 4A). In total, this required up to 432,000 simulations and
runtimes between 2 and 20 h (Table 1). The assessment of the inference
results revealed that all ABC approaches converged, as indicated by the low
acceptance thresholds in the last generation (Supplementary Figs. 1–3). For
NPE, we trained the networks on a fixed simulation budget of 32,000
simulation-parameter pairs, and since the inference procedure is amortized,
the parameters can be inferred for any new dataset without retraining. To
assess the convergence and calibration of the posterior in this setting, we
applied simulation-based calibration (SBC) on a larger validation dataset of
300 new simulations sampled from the prior, which confirmed good cali-
bration and showed no visible bias (Fig. 3A). SBC leverages the principle
that, under awell-calibrated posterior, the rank of the true parameterwithin

the posterior samples should follow a uniform distribution46,47. Such rig-
orous validation was not feasible for the ABC methods due to their prohi-
bitive inference time.

The assessment of the inference results revealed that in terms of
accuracy, measured via the normalized root mean squared error (NRMSE),
NPE yielded the smallest error, closely followed by ABC and ABC-NPE
(Table 1). Interestingly, the neural network trained on the posterior mean
achieved a smaller NRMSE of 0.18 when directly predicting the parameters
on the validation data. However, when used as a feature extractor in the
ABC-PM, theposterior formrand and λ remained largely uninformative, and
the error was much higher, with an NRMSE of 0.48 on the three synthetic
datasets. In contrast, NPE achieved better performance using far less
simulations with a training duration of approximately 4 h (Table 1).
Moreover, inference with NPE is essentially instantaneous because the
networks are trained once and can then be readily applied to new data,
enabling the efficient processing of large numbers of datasets and allowing
us to analyze parameter identifiability (Fig. 3B). For instance, the iden-
tifiability assessment for the rate parameter λ of thewaiting time revealed an
overall lower posterior contraction (SupplementaryFig. 4) and adiminished
parameter recovery accuracy with NPE on the validation data (Fig. 3B),
while the posterior is still well calibrated (Fig. 3A). The recovery error is
correlated with small values of mrand (−0.24 Pearson correlation), and
additionally the lower identifiability of λmay be attributed to the temporal
resolution of the observations (30 s between each image), which limits the
amount of informative signal available for estimating this parameter.

Our findings suggest that the ABC-PM method, which relies on the
posterior mean, exhibits a systematic bias in one of the parameters: the true
value of the intrinsic randommotion strengthmrand frequently lies outside
the high-density region of the inferred posterior distribution (Supplemen-
tary Fig. 4), despite the summary network itself showing no apparent bias
during validation (Fig. 3C). In contrast, the use of hand-crafted or inference-
tailored summaries led to improved parameter recovery in ABC (Table 1).

An exploratory analysis of latent summary representations revealed
that one advantage of posterior mean summaries lies in their interpret-
ability: each component corresponds directly to a model parameter, ren-
dering the representation transparent and easily analyzable, whereas the
latent summary representations learned jointly with the normalizing flow
are not inherently interpretable. However, a latent-space representation of
the NPE summary network obtained via LASSO-regression of true para-
meter values onto the simulation summary space representation reveals that
half of the latent dimensions primarily focus on the influence strength of
chemokine attraction mdir, with varying degrees of influence on others,
indicating a degree of functional disentanglement in the learned repre-
sentation (Fig. 2D). Moreover, a simple regression of the latent dimension
onto the parameters already allows the prediction of the true parameters
(Fig. 4B).

To better understand these findings, we examined the informativeness
of the summary statistics across methods. Specifically, we computed the
hand-crafted summaries, extracted the summaries from the NPE summary
network, and applied a UMAP projection to simulations drawn from all
four inferred posteriors. Each of these metrics provides insight into how
sensitive the corresponding summaries are to variations in the simulations,
while the UMAP projection, together with the cosine similarity as distance

Table 1 | Comparison of the different inference methods on simulation budget and performance metrics

Method # Simulations Training Inference # Generations NRMSE

ABC 66,000–413,000 – 2.1–19.2 h 12–16 0.23

ABC-PM 59,000–432,000 1.5 h 1.8–12.2 h 11–16 0.48

ABC-NPE 120,000–428,000 4.0 h 3.7–13.4 h 13–16 0.23

NPE 32,100 4.0 h 1 s – 0.20

ABC-basedmethodswere evaluatedon three representative simulateddatasets,whereasNPEwas validatedon100datasets.Wecomputed the normalized rootmean squarederror (NRMSE). The training
time accounts for both training set generation and neural network training and was measured on a high-performance computing cluster (for details, see “Methods”).
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The lower bound of the movement parameters was chosen as the minimal
strength that ensured cells appeared within the visible window of the
experimental setup, while smaller values resulted in static or invalid simu-
lations. For the cell area parameter, a broad prior was used to reflect bio-
logical variability in the size and spreading behavior of bone marrow-
derived DCs across different microenvironments. Additional technical
constants used in the CPM, such as the coefficient of adhesion J, the volume
constraint λv, and thefluctuation amplitudeT, are documented in themodel
file, provided here: https://identifiers.org/morpheus/M6342.

Hand-crafted summary statistics
The dynamics of the model depend on several unknown parameters that
must be estimated from the available data. We employ ABC using hand-
crafted summary statistics thatwere built specifically for thismodel, referred
to as ABC with hand-crafted summary statistics.

Each simulation contains multiple cell tracks of varying lengths, as
cells could move out of the observation area or leave the 2D plane.
Because the trajectory of a cell is governed by stochastic movement,
direct matching of a simulated cell to a real cell is not possible. Instead,
summary statistics that characterize individual cell movement were
constructed. These statistics were computed for each cell, and the dis-
tributions of these statistics were compared between the simulation and
observed data. This approach eliminates the need for direct track
matching and allows for flexibility in the number of simulated cells.
However, for reliable parameter inference, the number of cells should
not deviate too much, as crowded and sparse environments differ sig-
nificantly; for example, cells may block each other more frequently in a
crowded environment.

We constructed four different widely used summary statistics to
describe different aspects of cell movement72,73. Denoting the position of a
cell c∈ {1,…,N} as Xc

i ¼ ðxci ; yci Þ at time step i for i∈ {1,…, Tc}, we define
the following statistical quantities. Note that the time steps of each cell are
relative to the first time they were observed.
• Displacement (D) measures the normalized squared distance traveled

by the cell c over the observed time:

Dc ¼ 1ffiffiffiffiffi
Tc

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxcTc � xc1Þ2 þ ðycTc � yc1Þ2

q
; ð6Þ

whereTc is the number of observed time steps for each cell.We scaled
the displacement by time so that different observed sequence lengths
could be handled. For a standard random walk, the expected trans-
lation distance after T steps is of the order of

ffiffiffiffi
T

p
.

• Velocity (V) is the average speed of a cell c and is expressed as themean
over all time steps

Vc ¼ 1
Tc � 2

XTc

i¼2

1
Δt

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxci � xci�1Þ2 þ ðyci � yci�1Þ2

q
; ð7Þ

where Δt = 30 s is the interval at which the cells were observed.
• Turning angle (TA) quantifies the mean change in directionality of a

cell c between consecutive movements:

TAc ¼ 1
Tc � 3

XTc

i¼3

ðθci � θci�1Þ; ð8Þ

where θci ¼ arctan 2ðxci � xci�1; y
c
i � yci�1Þ.

• Angle degree (AD) captures the average absolute direction between two
consecutive positions:

ADc ¼ 1
Tc � 2

XTc

i¼2

θci : ð9Þ

To compute the acceptance criterion inABC,we used theWasserstein-
1 distance to calculate the distance between the samples of the distributions
of the summaries of the simulations and the summaries of the experimental
data. The Wasserstein distance quantifies the cost of transforming one
distribution into another, thereby providing a comprehensive measure of
discrepancy (see ref. 74 for a detailed introduction), and remains well-
defined evenwhen thenumberof observations differs across simulations. By
comparing the distributions of the summary statistics for the simulated and
observed cells,we captured thedifferencesacross the entire dataset, avoiding
the matching of trajectories. To integrate multiple statistics while mini-
mizing the overreliance on any single summary, the Wasserstein distance
was computed separately for each statistic. To normalize the contribution of
each summary, the distance is weighted by the inverse of the difference
between the largest and smallest statistics, as suggested in ref. 75. These
weights were calculated from simulations of a pre-calibration population
with parameters sampled from the prior. Finally, the weighted distances are
aggregated by summing them up.

Neural posterior estimation with learned summary statistics
NPE methods leverage neural networks to learn mappings from data to
model parameters and can integrate learned summary networks that
automatically extract relevant features from the data37. Instead of relying on
hand-crafted summary statistics, we used a summary network sψ with
trainable parameters ψ, designed to handle variable-length inputs, both in
terms of the number of observed time points per cell and the number of cells
per experiment. To extract informative features from each individual cell
trajectory, we applied a combination of one-dimensional convolutional
layers and a recurrent neural network, which is a standard architecture for
time-series processing. To aggregate across multiple cells, we employed an
attention-based poolingmechanism that produced a fixed-length summary
vector while preserving flexibility with respect to the cell count (see Fig. 2C
and Implementation for details). The summary network is then utilized to
learn a d-dimensional representation sψðXÞ 2 Rd of the observed data
points X ¼ fXcðtÞ 2 RTc × 2jc 2 f1; . . . ;Ngg.

The summary statistics serve as inputs to a conditional normalizing
flow, which transforms the posterior into a simpler density from which we
know how to sample. This method allows efficient and accurate sampling
and density evaluation76,77. Let z be a latent variable described by a multi-
variate normal distribution p(z). The model parameters ϕ are mapped to
these latent variables conditional on the data sψ(X) by a normalizing flow
f ψ 0 ðϕ; sψ ðXÞÞ ¼ z. This invertible transformation is parameterized by ψ 0

and, by construction, has a tractable Jacobian. The approximation qψ 0 to the
target density p(ϕ∣sψ(X)) is given by the change-of-variables formula

qψ 0 ðϕjsψðXÞÞ ¼ pðz ¼ f ψ0 ðϕ; sψðXÞÞÞj det Jf ψ0 ðϕ; sψðXÞÞj: ð10Þ

If we know f ψ0 , we can sample from the posterior by sampling z ~ p(z) and
applying f �1

ψ 0 ðz; sψ ðXÞÞ ¼ ϕ.
To train the summary network sψ jointly with the conditional nor-

malizing flow f ψ 0 , we follow the work of 78 and minimize the
Kullback–Leibler divergence between the true and approximate posterior
distributions:

ðψ;ψ 0Þ� ¼ argmin
ðψ;ψ 0Þ

EpðXÞ½KLðpðϕjsψ ðXÞÞjjqψ 0 ðϕjsψðXÞÞÞ�

¼ argmin
ðψ;ψ0 Þ

RR � pðX;ϕÞ log qψ0 ðϕjsψ ðXÞÞ dX dϕ

� argmin
ðψ;ψ0 Þ

1
S

PS
s¼1

� log qψ0 ðϕðsÞjsψðXðsÞÞÞ:

ð11Þ

The integral is approximated using S samples from the joint distribution
p(X,ϕ). These samples are obtained by sampling from the prior distribution
ϕ ~ p(ϕ) and simulating the modelMðϕÞ. Using the transformation (10),
the approximation in (11) can be efficiently evaluated. After training, we
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performed SBC checks to validate the convergence of the neural posterior
estimator (Fig. 3A).

Approximate Bayesian computing with inference-tailored sum-
mary statistics
Studies have shown that NPE is sensitive tomodel misspecification and can
potentially provide biased estimates43,44. In contrast, ABC is sensitive to the
choice of the summary statistics but converges to the optimal parameter
under this summary45. To address these limitations,we consider a combined
approach in this study: hand-crafted summaries of ABC are replaced by
trained summary networks, as in NPE. The learned summaries are com-
puted for each simulation by passing the data through the trained summary
network. The L1 distance is utilized in place of the Wasserstein distance on
the learned summaries, as theobjective is no longer to comparedistributions
but rather to enhance robustness against outliers79. This approach is referred
to as ABC with inference-tailored summaries or ABC-NPE.

ApproximateBayesian computingwith posteriormean summary
statistics
Previouswork suggested training a neural networkesψ ðXÞ 2 RdimðϕÞ ondata
X to approximate theposteriormeanE½ϕjX� of themodel parametersϕ and
then using the trained network to compute summary statistics of the
data32,42. In this approach, the summarynetwork is trainedbyoptimizing the
mean squared error objective

ψ� ¼ argmin
ψ

1
S

XS
s¼1

jjesψ ðXðsÞÞ � ϕðsÞjj22: ð12Þ

Hence, the output dimension of the network is fixed to the number of
parameters. The network is also trained on pairs of parameters and simu-
lations, and can therefore be applied to unseen data to estimate the posterior
mean directly. When the acceptance threshold ϵ is sufficiently small, this
approach, referred to as ABC with posterior mean summaries (ABC-PM),
converges to a posterior with the same mean as the exact posterior32,34. As
before, we use the L1 distance here.

Error metrics for posterior and simulated data
We computed the NRMSE for each parameter across N datasets and
aggregated the error over posterior samples using the median as follows:

NRMSE ¼ 1
maxðϕtrueÞ �minðϕtrueÞ

medianð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i¼1
ðϕtrue � ϕðiÞ

s Þ2
r

Þ:

The reported NRMSE is the mean of the parameters.
UMAP80 provides a nonlinear embedding that preserves local and

global relationships in complex data, allowingmeaningful comparison even
when trajectories differ in length and structure. To quantify the discrepancy
between the simulated and observed data, we performed a UMAP projec-
tion into a 10-dimensional space and computed the cosine similarity
between each simulated and observed cell:

dcosðxi; xjÞ ¼
xi � xj

jjxijj jjxjjj
:

AllUMAPhyperparameters were fixed to standard settings, andwe padded
not-observed time points with − 1.

Implementation
We used the FitMultiCell81 pipeline to load the model from
Morpheus16 and infer the parameters. One simulation takes between 10
and 30 s. For the ABC algorithm, we chose a sequential Monte Carlo
implementation in pyABC82, setting a population size of 1000 particles and
using stopping conditions of a minimal acceptance rate of 0.01 or a max-
imumof 15 generations. The acceptance threshold ϵ in each generation was
set adaptively by calculating it as the median of the distances from the last

population, as it provides a data-driven criterion that does not require
manual tuning. The acceptance threshold for the first generation is calcu-
lated in a pre-calibration round. We parallelized the simulations in each
generation to maximize resource efficiency. If no cells were observed in the
simulation, we set the Wasserstein distance to∞.

Webuilt theNPEusingBayesFlow83.Usingneural splineflows as an
inference network84, we trained networks with 6–8 layers. The smallest
network served for inference, while all three together were employed as an
ensemble network, i.e., samples of all networks were combined to obtain
more conservative posterior estimates, as proposed by ref. 39, and to check
for model misspecification85,86. Additionally, we regularized the summary
latent space to be normally distributed such that we can check for model
misspecification if the real data is far from the simulated data43.

To extract informative representations from time-resolved cellular
data, we designed a summary network composed of convolutional,
recurrent, and attention-based components. Each trajectory was first
passed independently through a one-dimensional convolutional layer
that captured local temporal features. This is followed by a gated
recurrent unit (GRU) layer with 32 units, which models sequential
dependencies across time points87. Both layers operate independently on
each cell, ensuring parallel processing across cells. We implemented a
temporal attention mechanism to aggregate the latent representations
over time. A global query vector was computed by averaging the GRU
outputs across all cells. This query is then used to attend to the time steps
of each cell, enabling themodel to focus on themost informative periods
of each trajectory. The attended sequence is subsequently compressed
via a pooling operation, resulting in a fixed-dimensional vector
(dimension 8) that serves as a population-level summary statistic. Time
points were appended to the coordinates, and missing observations in
the trajectories (and observations outside the visible window in the
experiment) were set to 0 and encoded by an additional binary indicator,
as suggested by ref. 88. This resulted in a 4-dimensional tensor as input to
the summary network. The standalone training of the summary network
was performed by reducing the summary dimension to the number of
parameters and minimizing the mean squared distance of the predic-
tions and parameter values to approximate the posterior mean32.

Weused the same training set for the joint trainingof the summary and
inference networks as for the standalone summary network.We performed
32,000 simulations with 143 cells in each, taking 1.39 h, employed a batch
size of 32, and set 50 as the maximum number of epochs. From a further
300 simulations, we built a validation set and employed an early stopping.
All simulations and parameters were standardized by computing the mean
and standard deviation of each coordinate and parameter in the validation
set.We trainedwith theAdamoptimizer, an initial learning rate of 5 × 10−4,
and employed a cosine-decay schedule, as it is the default in BayesFlow.
The training time for the joint training was 2.64 h and for the standalone
summary network, 4.04 h.

We ran all analyses on a computing cluster using 6 CPU nodes for
parallelization, each with 32 cores, and one GPU for training the neural
networks. The computing cluster used an Intel Xeon Sapphire Rapids CPU
with a core clock speed of up to 2.1 GHz and 60 GB of RAM. The neural
network training was performed on a cluster node with an Nvidia A40
graphics card with 48 GB of VRAM.

Data availability
The underlying code and experimental data for this study are available and
can be accessed in this repository: https://github.com/emune-dev/Cell-
Migration-Complex-Environments.git. Additionally, a snapshot of code
and data is saved at Zenodowith https://doi.org/10.5281/zenodo.16893454,
and the MorpheusML model is also provided via this identifier: https://
identifiers.org/morpheus/M6342.
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