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Generative models of cell dynamics: from
Neural ODEs to flowmatching
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Neural Ordinary Differential Equations (Neural ODEs) have emerged as a prominent framework for
modeling complex dynamical systems. Their ability to describe a system’s underlying dynamical law
has attracted attention to applications in life sciences. Single-cell data presents challenges due to
noise, sparsity, and the inability to explicitly profile single cells across time.However, pioneeringworks
have demonstrated how Neural ODE-based models can overcome these hurdles, aid mechanistic
modeling of cellular development, and approximate population dynamics through the lens of Flow
Matching. This article studies why Neural ODEs are suited for modeling the dynamic processes in
single-cell data and broader computational health fields, from standard time-series parameterizations
to generative models based on optimal transport. We first explore the mathematical properties of
Neural ODEs and their application to modeling cellular dynamics. Successively, we zoom into how
recent innovations in generative modeling enable efficient and expressive cell state transition
modeling through the simulation-free Flow Matching approach. Finally, we present challenges in
modeling single-cell dynamics that drive ongoing research in single-cell biology. This work shows that
Neural ODEs, as a machine learning framework, are appropriate for modeling dynamic processes in
cellular data and promises to advance our understanding of the dynamics in cellular systems.

Dynamical perspectives in single-cell biology
Single-cell differentiation - the transformation of a progenitor cell into a
specialized entity - plays a pivotal role in the development of complex
organisms and in maintaining tissue homeostasis1. Central to fields like
developmental biology, regenerative medicine, and cancer research, a
comprehensive understanding of single-cell differentiation opens avenues
for disease treatments, tissue regeneration, and therapeutic cell
manipulation2,3. Differentiation is driven by gene regulatory networks
(GRNs), systems of genes and their regulatory elements that govern cellular
functions and response to perturbations. Specifically, during differentiation,
GRNs control the activation and suppression of genes, directing the cell’s
transition from an undifferentiated to a specialized state. This process is
often depicted by Waddington’s landscape4, a classical metaphor for cell-
fate dynamics.

To capture these GRNs, systems biology has often employed dyna-
mical systems theory, typically constrained to low-dimensional models5.
These models often rely on coarse-graining, representing the system
through a fewkey variables tomake the problem tractable. Yet, the inherent
complexity and dynamism of GRNs, marked by multilayered regulation,
often exhibit non-linear behaviors beyond the scope of low-dimensional
networks. More complex models are essential to unravel these dynamical
systems6.

Advancements in computational tools and single-cell sequencing have
enhanced our understanding of cell differentiation regulation throughmore
complex, high-dimensional GRNs in extensive datasets, including diverse
molecular modalities7. These vast and intricate datasets offer new insights
but present modeling challenges: the data is noisy, sparse, and typically
captures only a snapshot of the cellular state. Data-driven methods are
emerging that often combine traditional differential equations to capture
system dynamics2,8. Moreover, ordinary differential equation (ODE)-based
generative models offer an expressive framework for learning how dis-
tributions of cells evolve.

Temporal versus observational data
Modern single-cell analysis encompasses temporal, spatial, and spatial-
temporal perspectives. Ideally, one would track the temporal evolution of
individual cells over time.However, the destructive nature of standardRNA
sequencing technologies prevents direct time-course measurements for the
same cell across multiple time points. Instead, experiments capture snap-
shots of cell states as n-dimensional data points, resulting in disjoint cellular
samples. To model dynamics from such data, one approach is to infer the
evolving composition of the cell population over experimental time.
Alternatively, single-cell dynamics can be reconstructed by assigning dis-
crete time points t∈ {t0, t1, . . . , tT} to individual cells. This can be done using
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pseudotime, which infers a temporal ordering based on gene expression
similarities, or RNA velocity, which estimates directional transcriptome
changes to predict future cell states9,10. It is important to distinguish between
true experimental time (when snapshots are taken at known intervals) and
pseudotime (inferred ordering for unsynchronized populations).

Originally centered on inferring cellular trajectories through latent
differentiation manifolds11, single-cell dynamics research has expanded to
include modeling gene regulation12,13, estimating cellular velocity2,14, and
mapping differentiation vector fields8,15. These approaches are particularly
valuable for non-synchronized populations or steady-state systems where
explicit time snapshots are unavailable or lack biological meaning. These
advancements have significantly improved our ability to predict the cellular
fate and gene regulation8,16,17. ODEs have become a popular method for
capturing cellular dynamics (Table 1).

When analyzing time-resolved single-cell trajectories from disjoint
populations, optimal-transport-based methods have been crucial for
learning cellular state transitions across experimental time18. Recent tech-
nical breakthroughs have further leveraged the connection between the
continuous formulation of optimal transport and ODE-based generative
models like Flow Matching19,20, leading to powerful new approaches for
modeling the evolution of cellular distributions over time. This review
highlights the emerging role of Neural ODEs in computational cellular
biology, showcasing their potential as versatile tools for both mechanistic
and generative modeling. Hence, pseudotime is best suited for unsyn-
chronized data, while real-time methods require explicit time labels.

Configuration space and challenges of pseudotime
The configuration space10 is inspiredby classicalmechanics and oftenworks
in an embedded space via methods like PCA. The trajectory of cell

differentiation are captured by uniquely specifying cellular states in the
latent space (Fig. 1).

Early research used the configuration space to extract key cellular
attributes, such as differentiation stage and pseudotime. Techniques like
Monocle21,22, Slingshot23, TSCAN24, Palantir25, andDiffusionpseudotime26,27

utilize a variety of methods, including ICA, PCA, DDRtree embedding28,
and diffusion components to predict cellular trajectories. Comprehensive
benchmarks comparing these trajectory inference methods on configura-
tion space, such as those conducted in Saelens et al.29, provide insights into
their relative strengths and limitations across different datasets and biolo-
gical contexts.

However, pseudotime-basedmodels introduce conflictswhenmultiple
branches existwithin thedifferentiationmanifold. If two cells originate from
different lineages or branches but are close in pseudotime, the evolutionary
process between them is challenging to formulate. With its cell-state-
dependent representation, LatentVelo30 effectively disentangles the
dynamics by conditioning them on this representation. Additionally, some
approaches model intrinsic cellular time along processes such as the cell
cycle or differentiation by combining pseudotime ordering with dynamic
gene regulatorymodels31, though challenges remain in accurately capturing
true temporal dynamics from snapshot data.

Phase space and mechanistic modeling
The study of single-cell dynamics has evolved from the configuration space
to include concepts from a phase space that involves a generalized position
andmomentum(Fig. 1). This space offers a cellular state and transition rates
in a unified trajectory. Population Balance Analysis (PBA)6 refine the
dynamics by modeling potential functions and momenta using a balance
equation. RNA velocity2,32 determines cell velocity using splicing rate
functions to describe mRNA life cycles, while scVelo2 uses transient tran-
scription states to describe the entire splicing process. Recent studies such as
veloVI14 and VeloVAE33 focus on kinetic parameter modeling with deep
generativemodels in theRNAvelocity framework.However, thesemethods
cannot predict continuous cell-state transitions, marking a gap that newer
approaches aim to bridge.

Another approach creates a continuous vector field, mapping position
coordinates (e.g., gene expression, principal components) to momentum
coordinates. This approach enables differential geometry analysis to mea-
sure geometric characteristics like Jacobian, curl, and curvature. Dynamo8

utilizes vector-valued support-vector machines for this, revealing gene
regulations governing cell fate decisions. DeepVelo15 employs a variational
autoencoder (VAE) to assess uncertainty in the latent space, quantifying cell
instability potentially linked to differentiation priming stages. However,
these methods, relying on RNA velocity, are limited by assuming gene
independence in velocity estimation, hence not accounting for regulatory
effects between genes. In contrast, incorporating Neural-ODEs allows for
coupling genes’ dynamics and joint learning of the mapping function and
velocity, providing a more accurate representation of cellular dynamics34.

Numerous cellular functions, ranging from determining cell fate to
responding to perturbations, follow causal systems, such as the GRN.
Guided by the principles ofGranger causality35, stating that causality cannot

Table 1 | Classical ODE approaches in computational biology

Method Application Area Key Contribution

Kinetic Modeling

Dynamo8 Cell-state transitions Vector field reconstruction

RNA-ODE71 Trajectory inference Gene expression dynamics

scVelo2 RNA velocity inference Likelihood-based splicing kinetics

NN-based Dynamic Inference

PRESCIENT72 Cell fate prediction Intervention simulation

veloVI73 RNA velocity Uncertainty modeling

Regulatory Inference

CausalKinetiX74 Metabolic networks Causal structure learning

Cellbox75 GRN inference Mechanistic cell responses

D-CODE76 Model discovery Symbolic regression

FLeCS76 GRN inference and use GRN-based transcription
dynamics

RegVelo34 Velocity and GRN Unified dynamics framework

Fig. 1 | Illustration of Configuration and Phase Space. a Cell-by-gene matrix
illustrating RNA-sequencing data. b High-dimensional data representation.
c Configuration space in Waddington’s landscape4, a metaphor illustrating cell

differentiation as a journey from a hilltop to valleys, representing distinct cellular
stages. d Phase space, extending the landscape to include cellular momentum.
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work against time, dynamical systems allow causal discovery among vari-
ables such as genes. Knowing these relationships is crucial for biological
systems, as it holds the key to interpreting critical behaviors such as bifur-
cation, cycling, and other topological phenomena within the differentiation
manifold. Distinguishing mere correlations from authentic regulatory
interactions within Neural ODEs remains non-trivial. Prior work has
employed sparsity assumptions13,36,37, i.e., that the simplest law is favorable
among possible governing laws, but challenges in spurious correlations and
unobserved confounders persist. Using interventional data or domain-
specific priors could guide the model toward identifying the underlying
causal structure38, which is crucial to unlocking the true potential of
Neural ODEs.

Theoretical foundations of NeuralODEs and their
applications
Motivated by the emergence of data-driven dynamicsmodeling, this review
investigates Neural ODEs—ODEs solved in vector fields that are para-
meterized by a neural network—as one promising approach. As a potent
computational framework, Neural ODEs can naturally model the
continuous-time dynamics of cellular states, offering both robustness and
explainability.

Mathematical foundations of Neural ODEs
The rapid rise of neural network (NN)-basedmethodshas transformedhow
latent spaces are learned from single-cell data. Particularly autoencoders39

and VAEs40 have been widely adopted to capture meaningful low-
dimensional structures, improving batch correction, denoising, and tra-
jectory inference.

Neural Ordinary Differential Equations (Neural ODEs) have emerged
as a promising approach for modeling complex system dynamics. Unlike
discrete-time Recurrent Neural Networks (RNNs), Neural ODEs excel at
capturing the underlying continuous dynamics of noisy and irregularly
sampled data41. Their causal interpretation allows connections to Structural
Causal Models (SCMs) in equilibrium states35,42, demonstrated by trans-
latingdeterministic behavior inODEsystems into a causal framework.With
their efficacy in handling noisy data and offering causal insights, Neural
ODEs are well-suited for studying biological systems, including single-
cell data.

Neural ODEs require the assumption that the data evolves con-
tinuously, a process that can be described by a differential equation. We
consider a continuous time variable t observed at a finite set of discrete time
points t∈ [0,T]. Specifically, we capture snapshots (e.g., of a cell population
X) ranging from xðt0Þ � PðX Þt¼0 to xðtT Þ � PðX Þt¼T . In single-cell
RNA-sequencing, x represents a transcriptome vector with RNA-
sequencing counts xi for each gene i.

Neural ODEs model such a dynamical system by learning a NN fθ ≈ f
parameterized by θ of the true (e.g., first order) ODE

_xðtÞ ¼ f ðxðtÞÞ: ð1Þ

By learning the function fθ, a Neural ODE parameterizes a vector field
in which the ODE is solved.

Figure 2 illustrates theNeuralODE framework. TheODE solverODE -
Solve, often sourced from libraries like torchdiffeq43, numerically
integrates a learned function fθ to compute a trajectory. Starting from an
initial position (i.e., timepoint) x(t0), the solver uses fθ to predict the
momentum _x at that position. It then computes the next position in the
trajectory based on this momentum. The solver repeats this process itera-
tively to generate the entire trajectory x(t) for t ∈ (t0, tT]:

bx t1
� �

; . . . ;bx tT
� � ¼ ODE � Solve f θ; x t0

� �

; t1; . . . ; tT
� �

: ð2Þ

The parameters θ of the learned function fθ are updatedwith a loss function,
such as themean-squared-error (MSE), that evaluates howwell the inferred
data points bxðtÞ match the original data points x(t) for all t.

L bxðtÞ; xðtÞð Þ ¼ L xðt0Þ þ
Z
t

t0

fθðxðτÞ; τÞdτ; xðtÞ

0

B

@

1

C

A

¼ L ODE-Solve fθ; xðt0Þ; t0; t
� �

; xðtÞ� �

ð3Þ

To satisfy applications involving causal systems such as GRNs, we
extend the above Neural ODE notation with a notion of causality. We
denote the set of causal parents of variable xi as pa(i):

_xiðtÞ ¼ f iðxpa ðiÞðtÞÞ; ð4Þ

where a causal parent enters into sufficiently smooth function
f i : RpaðiÞ ! Ri. The causal interpretation of ODEs is essential for infer-
ring the SCM

xi ¼ f i xpaMðiÞ
� �

; i 2 I ð5Þ

I :¼ f1; . . . ;Ng; ð6Þ

whereM is the SCMon theN variables fxigi2I . The set of causal parents of
xi is given by paMðiÞ � Infig. The SCM is constructed by assigning one
node per ODE variable and a directed edge from xj to xi if _xi depends on xj.

Fig. 2 | Concept of the Neural ODE framework for
single-cell transcriptomics. The Neural ODE takes
a cell’s gene expression vector x(t0), x 2 RN at time
point t0 as input. A neural network fθ, parameterized
by θ, estimates the momentum _x, that is together
with the initial position the input of an ODE-Solver
ODE-Solve (in the case of a first-order ODE).
Implicitly, the neural network parameterizes the
vector field in which the ODE is solved, and the
ODE-Solver predicts the expression values at future
time points t1 to T.
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The Neural ODE framework offers two key advantages. First, the
universal approximation theorem ensures that fθ canmodel any continuous
vector field without prior assumptions about its form.However, in practice,
high-dimensional dynamics pose challenges due to limited data and com-
putational constraints. Second, its simple NN foundation enables flexible
modifications to address diverse biological questions.

Applications in single-cell dynamics
Neural ODEs are particularly valuable in single-cell genomics due to their
versatility. As illustrated in Fig. 3 and detailed in Table 2, researchers have
adapted the framework for tasks ranging from trajectory inference to the
reconstruction of the GRN.

Trajectory Inference. The concept of trajectory inference is one of the
earliest applications of Neural ODEs in single-cell genomics15,30,44. Rather
than inferring static gene expressions, Neural ODEs predict them as a
function of time, thereby providing a trajectory along the phenotypic
manifold that contains the cellular differentiation process. Trajectory
inference complements pseudotime-based analyses and offers a dynamic
view of cellular state transitions.

Cell differentiation and mechanistic modeling. The evolution of
individual genes along a trajectory, as described by the learned differ-
ential equation, promises insights into cell differentiation, e.g., at
branching events13,37,45, or the concluding cell-state instability15. The work
in Aliee et al.37 highlights the potential of Neural ODEs combined with
regularization to uncover systemdynamics and causal structures. InAliee
et al.13, the focus shifts to the importance of feature sparsity in Neural
ODEs for accurately identifying dynamical laws. The study in Hossain
et al.45 introduces PHOENIX, a framework enhancing the interpretability
of ODE representations in gene expression prediction. Finally,
DeepVelo15 models transcriptome dynamics, emphasizing cell-state
instability and developmental driver gene identification.

A further notable innovation stems from the problem of non-
identifiability of the governing dynamical system from observational data,
shown in Aliee et al.37. The assumption of sparse causal connections36

inspires the regularization of the input-output connections of the function fθ
to prefer simplicity in the governing system. Such regularization promises
sparse relationships in the GRN13,37. Building upon these principles,
RegVelo34 combines RNA velocity and GRN inference into a unified fra-
mework, enabling dynamic and interpretable modeling of gene regulation.
It achieves superior predictive power for both regulatory interactions and
perturbation simulations.

GRN inference and causality. Furthermore, GRNs model the (causal)
relationship between genes that govern the activation and suppression of
genes. The function fθ gives rise to such a variable interplay that13,37,45

investigate for GRN inference. Methods such as RegVelo34 can incor-
porate such a GRN as prior regulation knowledge. Perturbation experi-
ments (gene knockouts, drug treatments) provide crucial causal evidence
by revealing which regulatory links change under controlled interven-
tions, helping distinguish causal interactions from correlations. FLeCS46

exemplifies this approach by inferring kinetic parameters (regulatory
interaction strengths and mRNA half-lives) through coupled ODEs,
enabling causal network inference at scale.

Fig. 3 | Exemplary applications of Neural ODEs in
single-cell genomics. The methods (blue) have
included the respective applications but are not
restricted to them.

Table 2 | Methodological overview of Neural ODE approaches
in single-cell genomics

Method Primary Focus Technical Innovation

Optimal Transport and Flow Methods

Action Matching53 Irregular sampling Action-based marginal
matching

CFM20 Continuous
trajectories

Flow-based transitions

MFM62 Complex paths Metric-based flow matching

MIOFlow54 Manifold data Geodesic transport

Neural LSB55 Stochastic dynamics Neural SDE framework

[SF]2M59 Bidirectional analysis Score-flow matching

TrajectoryNet44 Population dynamics CNF with optimal transport

WLF61 Transport phenomena Wasserstein optimization

Network Inference

C-NODE37 Sparse networks L1 regularization

PathReg13 Mechanistic analysis L0-L1 regularization

PHOENIX45 Large networks Hill-Langmuir kinetics

TIGON57 Population dynamics Unbalanced transport

Representation Learning

DeepVelo15 Noisy data VAE uncertainty modeling

GENOT60 Multi-modal data Flexible transport

LatentVelo30 High dimensions Latent dynamics

scTour47 Multi-task learning Joint embedding
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Representation learning and dimensionality reduction. The embed-
ding analysis is a separate but essential line of investigation in single-cell
genomics. Neural ODEs can also operate on data representations trans-
formed by an encoder NN, the weights of which are learned during the
process. These embeddings offer valuable perspectives on single-cell data30,47.

Dynamic modeling from time-resolved datasets
Driven by the challenges in learning the single-cell dynamics beyond
parametric models and RNA velocity, diverse technical approaches based
on cellular manifold estimation and optimal transport emerged, encom-
passing graph-based single-cell data representations as well as powerful
generative approaches (Fig. 4).

Optimal transport approaches
The scRNA-seq technique destroys a cell during sequencing. Consequently,
it is not possible to track the evolving state of an individual cell across
experimental time. Instead, time-resolved scRNA-seq involves collecting
disjoint snapshots of single cells at successive time points. Cellular evolution
can, therefore, be modeled in terms of population dynamics. Specifically, it
can be described by a parameterized map that transports distributions of
cells forward in time to match future population snapshots. The mean-
ingfulness of the temporal dimension depends on the experimental design:
when snapshots are taken at known intervals, the time labels carry real
physical meaning as biological time; when they represent an inferred
ordering, the temporal axis serves as a modeling construct for population
dynamics26. Therefore, optimal transport (OT) methods are well suited
when discrete time-point data are available as snapshots of cell populations.
In pursuing real-time dynamics inference, utilizing discrete OT to deduce
the cell state transitions across distinct time points is a promising
approach18,48–50. In this scenario, Waddington-OT48 infers ancestor-
descendant fates and modeling regulatory programs, revealing a diverse
rangeof developmental programs fromsingle-cell RNAsequencingprofiles.
Moslin49 couples matching cellular profiles across time points by leveraging
both lineage relations and gene expression similarity, Moscot18 is a scalable
framework for optimal transport in single-cell genomics, enabling efficient
reconstruction of developmental trajectories and identification of driver
genes across temporal and spatial datasets. JKONet51 learns optimal trans-
port via Input Convex Neural Networks by minimizing a parameterized
energy function. However, these methods do not yield a continuous vector
field but only infer the transport plan across time points48, also necessitating
an assumption of linearity in velocity between different time points18,48. By
incorporating a Neural ODE solver and leveraging prior biological knowl-
edge, inferring continuous dynamics guided by vector fields grounded in
robust biological hypotheses becomes conceivable45.

Continuous normalizing flows and ODE-based
generative models
Inspired by the success of OT in dynamical modeling, several works have
explored OT-based regularization techniques for Neural ODEs. These

regularizers are incorporated within the continuous normalizing flow
(CNF) framework41, which models data distributions with a flow of infi-
nitesimal transformations (change of variables formula) from noise to data,
using anODEsolver to learn the transformationover time. InfusingOT into
CNFs enables training a Neural ODE that matches distributions of samples
across time, improving dynamics fitting by minimizing displacement costs
while forcing trajectory to reconstruct marginal time points. For example,
TrajectoryNet44 uses the Kullback-Leibler divergence between real samples
and observations integrated over time with a Neural ODE as part of an
energy loss to approximate the L2 Wasserstein distance between single-cell
snapshots52. Meanwhile,53 formulates the optimal vector field matching
temporal marginals as the gradient of a function called action, deriving a
tractable objective based on kinetic energy minimization. Other methods
include the 2-Wasserstein distance regularization of trajectories learned in
the latent space of an approximately Euclidean geodesic autoencoders54 or
extending learningpopulationdynamics to a stochastic setting, representing
paths between temporal snapshots as the solutions of Neural SDEs
approximating the Schrödinger bridge problem55,56. The Schrödinger Bridge
problem finds the most likely stochastic process (diffusion) connecting two
observed distributions while minimizing entropy relative to a reference
process. Finally,OThas been successfully shown to approximate population
growth and gene regulatory interactions across the dynamics57.

Flowmatching and simulation-free approaches
Flow matching. Flow matching19 simplifies the learning of data transfor-
mations by directly minimizing the difference between the learned vector
field and the optimal transport vector field, approximated along a straight
line connecting samples from consecutive timepoints matched with mini-
batch OT (see Fig. 5). Like OT, flow matching is well suited for datasets
comprising discrete snapshots of cell populations at successive time points,
inferring dynamics without requiring continuous single-cell tracking. This
approach avoids expensive ODE integration during training. Besides its
generative capabilities58, flow matching has also inspired extensions to
model single-cell dynamics, such as OT-based regularization to stabilize
training and inference for single-cell modeling20. Simulation-free score and
flowmatching ([SF]2M)59 solves the Schrödinger bridge problem, efficiently
modeling high-dimensional cell dynamics without requiring full trajectory
simulation. Similarly, generative entropic neural OT (GENOT)60 applies
flow matching to unbalanced Gromov-Wasserstein problems, extending
the framework to handle multimodal single-cell data and developmental
trajectories. Wasserstein Lagrangian Flows (WLF)61 improve computa-
tional efficiency in large-scale cell trajectory modeling by solving transport
problems with entropic regularization. Finally, Metric Flow Matching
(MFM)62 introduces a metric-based flow matching variant, which offers
improved geometric fidelity for learning dynamic processes.

Stochasticity and noise in single-cell dynamics
Single-cell processes exhibit inherent stochasticity due to noisy expression
patterns and experimental artefacts. While Neural ODEs model average

Fig. 4 |Overview of dynamicalmodels withNeuralODEs (up) andODEs (down),modeling a datamanifold (left) or the governing dynamical laws (right).Applications
stem from single-cell genomics and exemplary applications in pharmacokinetics and medical time-series.
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trajectories, they can be extended to Neural SDEs (Stochastic Differential
Equations) to account for random fluctuations and incorporate knowledge
on biological stochasticity63. Learning stochastic dynamics has been
explored in the context of optimal transport through the Schrödinger Bridge
problem, which finds the most likely stochastic process connecting two
observed cell state distributions, balancing fit and randomness. Established
approaches57,64 learn to fit stochastic dynamics with neural networks,
accounting for cell growth and death in developmental processes. Schrö-
dingerBridgeshave been combinedwithflowmodels aswell inmethods like
Neural LSB55 and [SF]2M59, capturing stochastic differentiation patterns
driven by optimal transport.

Challenges
Neural ODEs have emerged as a compelling framework for modeling
dynamics in single-cell genomics and related computational health
disciplines. However, fully addressing the diverse characteristics of
biological data faces three predominant challenges from the technical
standpoint.

First, understanding the causal relationships andunderlying regulatory
mechanisms presents a challenge. Guided by the principles of Granger
causality35, stating that causality cannot work against time, dynamical sys-
tems allow causal discovery among variables such as genes. Knowing these
relationships is crucial for biological systems, as it holds the key to inter-
preting critical behaviors such as bifurcation, cycling, and other topological
phenomena within the differentiation manifold. Distinguishing mere cor-
relations from authentic regulatory interactions within Neural ODEs
remains non-trivial. This challenge is compounded by the difficulty of
distinguishing direct regulatory effects from indirect effects mediated by
intermediate genes, as well as the presence of feedback loops in GRNs that
can confound causal interpretation. Prior work has employed sparsity
assumptions13,36,37, i.e., that the simplest law is favorable among possible
governing laws, but challenges in spurious correlations and unobserved
confounders persist. Using interventional data or domain-specific priors
could guide the model toward identifying the underlying causal structure,
which is crucial to unlocking the true potential of Neural ODEs.

Second, the necessity for generalizing beyond interpolation is critical13:
Models should not overfit the training data but learn the governing laws
behindbiological dynamics instead.Applications fromsingle-cell genomics,
such as driver gene perturbation65 and predicting future cell states15, require
learning the underlying dynamics that govern the evolution of biological
systems. Evaluationmetrics must extend beyond interpolation, focusing on
a model’s ability to robustly capture underlying dynamical laws. This
objective is challenging due to, e.g., lacking ground truth andnumerous out-
of-distribution definitions. Rigorous out-of-distribution testing constitutes
a promising research direction.

Third, effectively incorporating real-world data entails accounting for
confounding variables ranging from stochasticity to latent influences6. To

achieve robustness, strategies such as regularization and includingbiological
priors have been proposed13,45.

Beyond single-cell genomics, Neural ODEs have demonstrated broad
applicability in computational health. As summarized in Table 3, these
models support disease monitoring, pharmacology, and biological systems
by integrating expert knowledge, capturing stochastic processes, and
enabling counterfactual analysis. In genomics, multi-omics techniques
provide complementary information across molecular layers66, yet inte-
grating these modalities remains challenging67. Extending Neural ODEs to
further real-world applications thus requires robust strategies for handling
heterogeneous data while preserving mechanistic interpretability.

Conclusion and outlook
This article has studied the ODEs framework and its diverse applications in
single-cell genomics. We have portrayed single-cell dynamics through the
lens of the Waddington landscape, derived the Neural ODE framework in
the context of biological application, and reviewed recent literature con-
cerning their technical and practical innovations.

Exploring biological dynamics through computational models holds
the potential for illuminating their underlying mechanisms. Despite
growing interest in modeling techniques, such as Neural ODEs, the fun-
damental technical challenges of explainability, generalizability, and
robustness persist. Synergistic approaches to improve Neural ODE opti-
mization, such as optimal transport-based regularization, have shown
promising results. We anticipate continued innovation by integrating the
strengths of diversemodeling paradigms such as optimal transport, classical
dynamics modeling, or incorporating regulatory elements from computa-
tional biology.

Other advancements in applying Neural ODEs to single-cell data aim
to achieve robust learning and causal modeling of the governing dynamical
laws. By delving deeper into this domain, we envision revealing the causal
mechanisms governing cellular dynamics. Such insights into the underlying

Fig. 5 | Inferring cellular dynamics through neural
ODEs and Flow Matching. Neural ODEs consider
snapshots of cell states at discrete (pseudo-) time
points t ∈ t0, t1,…, tT. Flow matching considers
latent distributions of cellsPðX Þt . Both approaches
result in a vector field describing cellular dynamics.

Table 3 | Neural ODE applications in medicine and
pharmacology

Method Application Area Key Contribution

Disease Monitoring

Neural CDE77 Disease detection Continuous monitoring

LHM78 Health trajectories Expert knowledge integration

LNODE79 Cardiac dynamics Heart failure progression

Biological Systems

NGM80 Biological oscillations Chaotic dynamics

Neural ODE-PK81 Drug response Pharmacokinetics modeling

TE-CDE82 Treatment planning Counterfactual analysis
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dynamical law enable in-silico simulations and predictions, allowing us to
anticipate the impact of various factors onbiological readouts like single-cell
gene expression.

From an application standpoint, Neural ODE methods promise gen-
eralizable insights into single-cell dynamics. Their technical versatility
allows deployment in numerous downstream applications within and
beyond single-cell genomics, including medical time series and pharma-
cokinetics, highlighting the broad applicability of dynamical systems
modeling.

In the broadermachine learning landscape, foundationmodels such as
SORA68,69 are beginning to capture the dynamic world. While single-cell
foundationmodels largely focus on static settings70, the development of such
dynamic models offers an intriguing future direction. By advancing Neural
ODEs and similar approaches, we come closer to achieving a large-scale
model of the dynamic world of cellular processes.

In conclusion, Neural ODEs are an empowering and innovative fra-
mework for modeling underlying dynamics in single cells and the broader
realm of computational health. The technical innovations of Neural ODEs
and their future prospects foreshadow a more holistic understanding of
the governing dynamical laws that steer cell differentiation. The presented
applications and challenges collectively contribute to a captivating and
promising journey, inspiring further advancements in this transforma-
tive field.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.
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