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ABSTRACT

Biological systems exhibit complex multi-scale dynamics spanning subcellular
gene regulatory processes to tissue-level spatial organization. However, causal
analysis and control of biological systems face fundamental challenges due to
the predominantly static nature of experimental measurements and the difficulty
of collecting large-scale interventional datasets. We present NEXUS, a hierarchi-
cal biological simulator that addresses these limitations by generating realistic,
multi-modal biological data across cellular and subcellular scales. NEXUS inte-
grates gene regulatory network dynamics for RNA and protein simulation with
spatial models of cell movement, chemical diffusion, and reactions. Built on the
JAX framework, NEXUS leverages automatic vectorization and just-in-time com-
pilation to achieve significant speedups over existing simulators, particularly for
large cell populations. The simulator supports extensive customization, backprop-
agation for parameter learning, and generation of interventional data, enabling
large-scale dataset creation for causal discovery and analysis. Critically, NEXUS
provides a testbed for advancing control strategies in biological systems, particu-
larly hierarchical optimal control where interventions are applied simultaneously
at multiple levels to steer the system towards desired states. We demonstrate
NEXUS’s accuracy through validation against established simulators and real-
world biological data, showing its potential to advance both causal reasoning and
control strategies in biological systems.

1 INTRODUCTION

Causal analysis of biological systems plays a crucial role in understanding disease mechanisms and
developing targeted therapeutic interventions. By identifying causal relationships between biologi-
cal entities, researchers can design precise interventions such as gene editing (Mehrjou et al.,|2021)),
protein inhibition, and activation strategies (Nada et al.|[2024). However, performing reliable causal
inference on biological data faces significant methodological and practical challenges (Chevalley
et al., 2023 [2024).

Biological systems are inherently dynamic, with processes unfolding across multiple temporal and
spatial scales (Resat et al.| 2011)). Yet experimental measurements typically capture only static
snapshots of these complex systems, providing limited insight into temporal dynamics and causal
mechanisms (Somer et al., [2026). Furthermore, causal analysis methods often require large-scale
datasets with diverse interventional conditions, which are difficult and expensive to obtain through
experimental means alone (Luna et al.,|2021; (Chevalley et al.,[2025b). The scarcity of interventional
data, combined with the static nature of most biological measurements, constrains our ability to learn
causal models and validate intervention strategies (Yuan & Shoul 2022} |Chevalley et al.| 2025a).
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To address these limitations, we introduce NEXUS, a hierarchical biological simulator designed
to generate realistic, multi-modal biological data across cellular and subcellular scales. NEXUS
is highly configurable, computationally efficient, and capable of producing interventional datasets
that are essential for causal discovery and analysis. The simulator is built on dynamic biological
models and supports automatic differentiation, enabling backpropagation for learning parameters
from existing experimental data.

NEXUS operates at two complementary levels of biological organization. At the subcellular level,
the simulator models gene regulatory networks to compute RNA and protein concentrations, cap-
turing the intricate dynamics of transcriptional regulation and protein synthesis. At the cellular
level, NEXUS simulates tissue-scale phenomena including cell movement, chemical diffusion, and
biochemical reactions. These two levels can be integrated such that each cell’s internal molecu-
lar dynamics are governed by the subcellular simulator while spatial interactions and tissue-level
processes are handled by the cellular simulator.

The capabilities of NEXUS enable several important applications. Researchers can explore the ef-
fects of different parameter configurations, study system responses to various interventions, and
perform gradient-based optimization to learn model parameters from experimental observations.
By generating large-scale synthetic datasets that capture realistic biological dynamics, NEXUS fa-
cilitates the development and validation of causal discovery algorithms, ultimately advancing our
understanding of biological systems and improving intervention design.

Beyond causal discovery, NEXUS provides a critical testbed for advancing control strategies in bi-
ological systems. The hierarchical architecture of NEXUS supports a research direction we refer
to as controllable biology, in which interventions are applied simultaneously at multiple scales to
steer biological systems towards desired states. The theory of multiscale hierarchical control has
been extensively developed across diverse domains, providing a principled foundation for coordi-
nating interventions across interacting levels of complex systems (Clarke et al., [2025} |Dehghani,
2018; Mehrjou). Within this framework, control strategies can target both subcellular processes
such as gene expression modulation and cellular-level processes such as chemical signaling, allow-
ing for coordinated multi-scale interventions. The simulator’s support for automatic differentiation
and gradient-based optimization makes it particularly well-suited for learning optimal control poli-
cies that account for the complex interactions between different biological scales. This capability
opens new avenues for designing therapeutic interventions that leverage the hierarchical nature of
biological systems to achieve more effective and precise control outcomes.

2 RELATED WORKS

Existing simulators focus largely on either subcellular or cellular-level dynamics. At the subcellular
level, SERGIO (Dibaeinia & Sinhal 2020) models gene concentrations from production, decay, and
regulatory influences in a GRN, with stochastic RNA dynamics and optional noise for instrument-
specific outputs. scMultiSim (L1 et al.| [2025)) extends this with RNA velocities, chromatin assembly,
and a kinetic model (cell- and gene-identity vectors) plus technical noise for single-cell sequencing.
At the cellular and tissue level, lattice-based tools include Biocellion (Kang et al., 2014}, which uses
a grid and user-defined agents that can create or delete entities, and scMultiSim’s cellular automata
for spatial cell arrangements. Lattice-free simulators include CX3D (Zubler & Douglas| |2009),
which uses triangulated sub-fields for diffusion and reactions and force-based cell movement for
neuronal development, and PhysiCell (Ghaffarizadeh et al.,|2018]), which couples PDEs for diffusion
and reactions with agent-based cell cycling, death, volume regulation, and motility, and models state
transitions as a Markov chain.

These tools capture biological processes at individual scales but offer limited multi-scale integra-
tion and causal analysis support, and few support backpropagation or interventional data genera-
tion. NEXUS addresses these gaps with a unified framework that integrates subcellular and cellular
simulation and supports automatic differentiation for parameter learning and intervention analysis,
serving as both a data generator and a testbed for causal discovery and control. A detailed capability
comparison is given in Appendix (Table[2).
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3 METHODOLOGY

NEXUS is designed as a hierarchical simulator capable of modeling biological processes across mul-
tiple levels of granularity. The architecture consists of two integrated systems operating at different
scales. At the cellular level, NEXUS simulates cell movement, chemical diffusion, and reactions
within tissue environments. At the subcellular level, the simulator models RNA dynamics through
gene regulatory networks and computes protein concentrations resulting from RNA transcription
and translation.

This section describes the mathematical foundations and implementation details of both simulator
components. The Results section presents validation experiments and performance comparisons
demonstrating NEXUS’s accuracy and computational efficiency.

3.1 SUBCELLULAR SIMULATOR

The subcellular component of NEXUS, referred to as NEXUS-GRN, simulates RNA and protein
concentrations across multiple cells using gene regulatory networks to model transcriptional regula-
tion. The development of this component incorporates concepts from SERGIO (Dibaeinia & Sinha,
2020) for RNA concentration simulation and Dynprot (Kuchta et al., 2018) for protein concentra-
tion computation. RNA concentrations are determined by the concentrations of regulatory genes and
the RNA’s own decay rate, while protein concentrations are derived from the corresponding RNA
concentrations and protein-specific half-lives.

NEXUS-GRN extends the capabilities of SERGIO and Dynprot by combining their functionali-
ties and providing extensive customization options. These include configurable Hill coefficients,
variable decay rates for individual genes, and optional Wiener noise injection to model stochastic
biological processes.

3.1.1 RNA CONCENTRATION

Following Dibaeinia et al. (Dibaeinia & Sinha} 2020), RNA concentration is computed as a function
of the concentrations of its regulators and its own decay. Master regulators are produced at a fixed
basal rate independent of other species. The simulator initializes all RNAs at their steady state
concentrations, which are computed in advance to reduce runtime. The steady state expressions are
as

i— if gene 4 is a Master Regulator
o (Elas (D
w if gene 4 is not a Master Regulator.

The equation for production rates of each RNA, calculated as a function of its regulators and its own
basal rate, is given as
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Given the production rate P;, the concentration (z;); of gene ¢ at time ¢ evolves in discrete time
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where AW, and ATWj are independent Wiener processes with AW = +/At- N(0,1). The remain-
ing parameters are b; (basal production rate), K;; (regulatory influence of gene j on gene i), n;;
(Hill coefficient), h;; (half response), and A; (decay rate).

3.1.2 PROTEIN CONCENTRATION

Similar to the computation of the RNA concentration, the protein concentration also starts from
a steady state. The protein concentration depends only on the transcribing RNA. The equations
relating to the steady state computation and concentration update are given as

E[Pr;(t)] = kg "
W = ktrans,i[Gi(t)] - kd,i[PTi(t)] (5)

where Pr;(t) is the concentration of protein ¢ at time ¢, Kyans,; 18 the translation rate, kg ; is the
degradation rate, and G, (t) is the mRNA concentration.

3.2 CELLULAR SIMULATOR

The cellular component of NEXUS simulates tissue-level dynamics involving multiple cells within
a spatial environment. This simulator supports both lattice-based and lattice-free cell modeling
approaches and captures cell movement, cell cycle progression, chemical production and decay
through reactions, and chemical transport via diffusion. The subcellular and cellular simulators can
be integrated such that each cell’s internal RNA and protein concentrations are governed by the
subcellular simulator while spatial interactions and tissue-level processes are handled by the cellular
simulator.

The simulator is capable of simulating different types of cells, where each type of cell is defined
by a set of parameters. During initialization, the cells are populated according to the configured
proportions and then simulated using the parameters defined for that cell type.

3.2.1 CELL MOVEMENT

Each cell is capable of movement along the three axes and is controlled by cell-cell attraction and
repulsion forces, a residual drift force and a random induced force. The cell-cell forces are attractive
in most of the cases and the repulsive force is only used to prevent or resolve overlaps between
the cells. A residual drift force is computed where the cell inherits a fraction of the force it was
experiencing in the previous time-step, and a random force can also be applied on the cells. The
strengths of the three forces can be modified to fine-tune and test different configurations. The
equations relating to the computation of inter-cellular forces is given in[A.2]

3.2.2 CELL CYCLE

Cells cycle through interphase, mitosis, programmed cell death (apoptosis), and sudden cell death
(necrosis). Cycle length is drawn from a normal distribution centered on a configured value, and each
cell is assigned interphase and mitosis durations that determine its state during simulation. At mitosis
completion, a cell splits into two equal-mass daughter cells, both reset to interphase; daughter cell
cycle parameters are drawn from a normal distribution centered on the parent’s values. Cells may
undergo apoptosis or necrosis at configurable random probabilities at each stage. Necrosis sets
mass, volume, and radius to zero (sudden shrinking), while apoptosis shrinks cells gradually with a
configurable decomposition rate. Dead cells are excluded from inter-cellular force computation.

3.2.3 DIFFUSION

The diffusion of chemicals across the tissue is simulated by splitting the tissue into fields and the
chemical movement and reactions are simulated at field-level. Diffusion is performed between a
field and its neighbours which is currently setup as a fixed gird, dividing the available space into
multiple fields. Each step of the simulator performs a computation of the chemical flux across the
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neighbouring fields and is used for moving the chemicals across fields. The diffusion process is
configured to preserve the total mass in the system by operating at the mass-level to compute the
concentrations. The simulator also includes an additional check used to prevent reduction of masses
to negative values which adjusts the flux in case a post-diffusion negative-mass situation is detected.

The change in concentration through diffusion is computed as

Jig= Y —PylCj — CiJl
J €neighbors

Citrnr =Ciy — V- Ji At

where J;_,; is the flux from field 7 to field j, with J;_,;; = —J; ;¢ and P; ; = P; ;. The interme-
diate steps leading to these results are shown in[A.3]

NEXUS also supports diffusion of chemicals between the cells and the fields. Currently, the proteins
from the cells can diffuse into the fields and vice-versa and is calculated using the same method as
described above. Each cell is associated to the field it is closest at each timestep to compute the flux.

3.2.4 REACTIONS

The simulator is currently capable of performing zero, first and second order reactions of the config-
ured chemicals. The reactions take place at a field-level where the chemicals inside a field are used
in performing a reaction. NEXUS can be configured to perform reactions with a probability defined
in the equation below. The order of execution of the reactions is randomly generated at each step in
order to reduce irregular outputs due to a fixed order of execution.

Km i — .
Prob(reaction;) = . 1—e At Km,]]

Z J Km,;
Here the reaction order m € {0, 1,2} is the number of concentration factors in the rate law (zero
for constant rate, one for unimolecular, two for bimolecular). The term K,, ; is the rate constant for
reaction ¢ at order m, the sum 3 y K, ; runs over all reactions of order m in the field, and A¢ is the
time step. The factor in brackets is the probability that any reaction of order m occurs in the interval
At; the fraction selects reaction ¢ among those.

The simulator generates a reaction matrix for each defined reaction using the reaction order, reactants
and products. For computational efficiency, each chemical’s concentration is updated independently
assuming it is the only chemical in a reaction of the given order. The concentration updates for
reaction orders O, 1, and 2 are:

A = koAt
~ = Sample(Poisson(\))
[A]HAE = [A]" +
In[A]*+2t = In[A]* + ~
1 1
[A]FAt ~ (Al v
where the first relation defines A\ for zero-order updates (second relation), and +y is sampled from

the Poisson distribution based on the reaction rate constant k and time step At for first-order (third
relation) and second-order (fourth relation) reactions. The signs are adjusted for reactants.

3.3 CELL-FIELD DIFFUSION

The cell-field diffusion is the link between the two levels of hierarchy in the simulator, allowing for
diffusion of chemicals between cell and fields and between fields. The tissue is split into fields in the
simulation and each cell is assigned a field based on their proximity to the field using a clustering
approach. The flux between each cell and its associated field is used to compute the flux and update
the concentration of the cell and the cumulative flux of the field updates the concentration of the
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Simulator | 9 Cells 900 Cells 2700 Cells

SERGIO 1.1251 +£0.0091 112.0576 + 0.5646 332.7912 + 3.3610
NEXUS-GRN | 5.0755 £0.1804  5.0956 £ 0.0902 6.3008 £ 0.2558

Table 1: Run time comparison of SERGIO and NEXUS-GRN averaged over 5 runs

field. For flux calculation and concentration updating, a similar process as shown in [3.2.3]is used,
with the field’s flux being calculated as

d= 3 -,

j Econtained cells

where J; ; is the flux between the cell j and the field i it is a part of.

4 RESULTS

4.1 GRN SIMULATOR

To validate the accuracy of NEXUS-GRN, we compare the computed steady state concentrations
with results from SERGIO (Dibaeinia & Sinhal 2020) using identical input configurations. SER-
GIO expects two input files: one specifying the master regulators and their basal rates, and one
specifying the remaining genes, their regulators, and transcription rates. We use the SERGIO input
files Regs_cID_4.txt|(master regulators) and Interaction_cID_4.txt|(remaining genes).
Agreement between GRNSim and SERGIO is assessed using the NumPy routine allclose (),
which tests element-wise equality within given relative and absolute tolerances; a formal definition
is given in Appendix [A.4] Both simulators are run on the same inputs for 9 and 2700 cells, and
the %gtputs match when allclose () is called with relative tolerance 10~6 and absolute tolerance
107°<.

NEXUS demonstrates significant computational advantages over SERGIO when simulating RNA
concentrations, particularly for large cell populations. Table [I] presents runtime comparisons be-
tween SERGIO and NEXUS-GRN across different cell population sizes.

While NEXUS exhibits higher overhead for small cell populations due to vectorization, just-in-time
compilation, and initialization costs, it achieves substantial speedups for large-scale simulations.
These performance gains result from JAX’s automatic vectorization and just-in-time compilation
capabilities, which become increasingly beneficial as the number of cells grows.

For verifying the protein simulator, we use real-world data from Beyer et al. (Beyer et al.,2004)) con-
taining the mRNA and protein concentrations, protein transcriptional rates, and the half-lives of ap-
proximately 15 proteins from yeast. The gene interaction network is taken from the Saccharomyces
Genome Database (SGD) (Cherry et al.l [ 1997; Engel et al., 2025). The resultant network has 1913
nodes, each representing a pair of RNA-protein, with 56283 edges representing the regulator-target
links. As we do not have data about the decay rates, the regulatory contributions of genes (Kj;),
protein decay rates and other variables, we run an initial experiment where we initialize 100 cells
and set these values randomly for each cell. To identify the cell with the closest output to the true
values, we compute the MSE loss of the predicted values of each cell with the data collected by
Beyer et al.(Beyer et al.|[2004). The concentrations are normalized independently before being used
in the comparisons. In the best performing cell, the MSE loss is 1.8499368 on the steady state
concentration of the RNA and 0.28618234 on the protein subset with known half lives.

To improve the fit of the output values, A few parameters for the NEXUS-GRN simulator is modified
to be closer to the real world values. Specifically, the decay rates for the genes are set to a uniform
distribution with a mean of 5.6e — 4 and a standard deviation of le — 4 to be closer to the real-world
decay rate of yeast BioNumbers Databasel We evaluate different ranges for other parameters and
find that sampling basal rates within [1, 10] and sampling regulatory influence of genes, K;, within
[—2, 2] gives the lowest loss on the RNA. We identify the cell that has the lowest MSE loss over the
proteins whose half lives are known and compute the MSE losses. The loss over RNA is 1.8746623,
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Figure 1: Visualization of chemical concentration during cell-field diffusion with random initializa-
tion of protein concentration

over protein is 2.025427 and across the proteins with known half lives is 0.14554834. The plots are
shown in Figure

There is a slight increase in the RNA loss in the second cell as we pick the cell with the lowest MSE
loss over the protein subset. In both the cases, there is an elevated MSE loss as many simulation
parameters are unknown and are hard to estimate despite knowing the possible range of parameters.
We notice a lower MSE loss on the proteins with known half-lives as it did not require an estimation
of the parameters. Despite these limitations, NEXUS demonstrates its ability to generate simulations
that closely approximate real-world biological data.

4.2 SPATIAL SIMULATOR

The validation of the spatial simulator output is performed by inspecting the positions of the cell
and studying the behaviour of the cells as a result of the forces and cell cycling. By selecting the
appropriate parameters for attraction and repulsion forces, the simulator can reproduce multiple cell
arrangements ranging from loose to tightly packed configurations, as shown in Figure

In the visualization, the live cells are shown in yellow, the cells undergoing programmed cell death
are shown in blue and the cell that have undergone necrosis are shown in red. The radius of the
sphere is the simulated radius of the cell and changes size as the cell cycles through different states.
The red segments represent the fields arranged in a grid that compute chemical concentration as a
result of diffusion between adjacent fields and chemical reactions inside the field.

Running the simulation with cell death and cell splitting disabled, the arrangement reaches a stable
configuration with minimal movement of the cells. The equilibrium state demonstrates the conver-
gence of the cell positions to a layout that is stable when being acted upon the inter-cellular forces
and can be useful to study the effect of cell splitting or cell death on cell arrangements.

4.3 CELL-FIELD DIFFUSION

One of the core objectives of NEXUS is to perform a multi-scale simulation that integrates across
different levels. The cell-field diffusion is one of the mechanisms that demonstrates this integration,
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(a) Strong inter-cellular attraction (b) Weak inter-cellular attraction

Figure 2: Visualization of simulator outputs with different magnitude of inter-cellular forces
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Figure 3: Visualization of chemical concentration during cell-field diffusion with random initializa-
tion of protein concentration

allowing for movement of chemicals, specifically proteins in case of cell-field diffusion, across the
two levels. To better study the working of this behaviour, cell movement is disabled to prevent
a cell from being assigned to different fields during the simulation and inter-field diffusion and
reactions are disabled to prevent modification of the chemical concentrations. The concentration
of a single chemical in the field and its associated cells across the simulation run are plotted with
the protein concentrations initialized to random values for better visualization. Figure [3a]shows the
concentration of a field with a single cell inside it while Figure[3b]shows the concentration of a field
and the multiple cells within. In Figure [3a] the concentration of the chemical is lower in the field
than in the cell and therefore we observe a gradual reduction of the concentration in the cell as it is
moving to the field.

These demonstrate the link between the cellular and sub-cellular models, where chemicals can dif-
fuse between the cells and the field. This allows chemicals to diffuse out of a cell and into a field
from where it can diffuse into another cell. Similarly, the chemical can diffuse between fields and
into a cell in a different field and is not limited to moving within the same field.

4.4 INTERVENTION EXPERIMENTS

NEXUS supports interventions on model parameters, enabling systematic study of how such changes
affect system outputs. Crucially, these are mechanism-changing interventions; rather than merely
setting a variable to a fixed value (as in the do-calculus), they modify the dynamical mechanism
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Figure 4: Interventions supported by NEXUS

that governs the evolution of the system. This distinction is central in real-world applications. For
instance, in biology and pharmacology, an intervention such as a drug does not simply fix a state
variable but alters the underlying dynamics (e.g., reaction rates or transport coefficients). NEXUS im-
plements several temporal intervention profiles. The scheduled profile applies a parameter change at
a specified time-step, pulse holds the change between given start and end time-steps, and loop applies
the change repeatedly with configurable start time, period, and inter-loop gap. Figure []illustrates
how interventions on the diffusion constant D alter the trajectory of a chemical’s concentration.

5 DISCUSSION

This work introduces NEXUS, a hierarchical biological simulator using a dynamical systems ap-
proach to generate realistic data for causal reasoning. The subcellular simulator supports multiple
cell types with distinct parameters for movement and cell cycling. Validation shows RNA concen-
trations match SERGIO (Dibaeinia & Sinhal 2020) outputs, while protein concentrations align with
real-world yeast data (Beyer et al.,[2004). NEXUS simulates cell arrangement, movement, and cy-
cling, enabling data generation for causal discovery algorithm evaluation and targeted intervention
studies.

NEXUS leverages auto-vectorization and just-in-time compilation for performance, enabling the sub-
cellular simulator to scale better than SERGIO for large cell populations and handle large-scale
simulations efficiently. Future work will integrate tissue-level chemical dynamics with subcellular
processes, improve the intervention API for runtime parameter changes, enable parameter learning
from experimental data via backpropagation to generate targeted perturbation datasets, and expand
the available ODE solvers beyond the current implementation.
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A APPENDIX

A.1 IMPLEMENTATION DETAILS

NEXUS is implemented in Python using the JAX framework Bradbury et al.| (2018), which pro-
vides automatic vectorization, just-in-time compilation, and automatic differentiation capabilities.
These features enable both computational acceleration and gradient-based parameter learning. Con-
figuration management is handled through Hydra, facilitating flexible simulator configuration and
composition of multiple configuration files. Simulation outputs are stored using TileDB, a database
system optimized for multi-dimensional arrays that supports chunking, compression, indexing, and
parallel read-write operations.

The stored simulation data can be analyzed by accessing the TileDB files directly or visualized
through an interactive React-based web server that uses Deck.gl to visualize the spatial locations
of the cell and their movement during the simulation, the concentrations of the fields and the sub-
cellular RNA and protein concentrations. The visualization interface enables users to explore data
for selected cells or chemical species across different time points and spatial locations.

A.2 CALCULATION OF INTER-CELLULAR FORCES

The inter-cellular attraction and repulsion forces are computed as

£ ra

‘fla] = pos; — pos;, ffj =—f
2.0 - [Pos(i) — Pos(j)]

T = 2 (M) + M)
o _ M) M()

[[Pos(i) — Pos(j)]|?

where f{‘] and ff ; are attraction and repulsion force vectors with magnitudes f;; and f};, M (i)
and Pos(i) are the mass and position of cell s.
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A.3 COMPUTATION OF DIFFUSION

The concentration and flux are computed as:
Cy =M /Vi, Co=My/Vs
|C2 — C1
[[pos, — pos, |
where D is the diffusion constant. The mass update preserves total mass:
AM = Ji,jAAt = —DVC - AAt
My =M —AM, M} 5, =M +AM
MJ + M = M,y + M, = M+ M,

J=-DV(C =~

The discrete diffusion update is

Jiy = Z —P;;[Ci i — Ci4]
J Eneighbors
ACM = —V . Ji’tAt
Cityar = Cip + AC 4,

with Ji_>j,t = *Jj—n',t and Pi,j = Pj»i'

A.4 WORKING OF allclose()

The allclose() function in Numpy Harris et al.[ (2020) checks if two arrays are equal element-wise
within a specified absolute and relative tolerance. For two arrays to be equal given an absolute
tolerance, atol, and a relative tolerance, rtol, they must satisfy the condition in Equation @

la — b| < atol + rtol  |b] (6)

A.5 COMPARISON OF SIMULATORS

This section provides a detailed comparison of NEXUS with existing biological simulators across
key capabilities. Table [2] summarizes the comparison; we discuss each simulator category and their
relationship to NEXUS below.

Subcellular simulators. SERGIO (Dibaeinia & Sinhal 2020) focuses exclusively on gene regu-
latory network dynamics at the subcellular level, modeling RNA concentrations through stochastic
differential equations guided by user-provided regulatory networks. While SERGIO is interpretable,
works out-of-the-box, and can incorporate biological or technical noise to match experimental in-
strument outputs, it operates solely at the subcellular scale. SERGIO lacks multi-scale integration
with tissue-level processes, does not model protein dynamics, provides no support for causal dis-
covery workflows, lacks backpropagation capabilities for parameter learning, and does not scale
efficiently to large cell populations. Unlike NEXUS, SERGIO cannot integrate subcellular gene
expression with spatial cell arrangements or chemical diffusion processes.

Multi-scale cellular simulators. Several simulators address cellular and tissue-level dynamics but
lack detailed subcellular modeling. PhysiCell (Ghaffarizadeh et al.l 2018) combines agent-based
cell modeling with PDE-based diffusion and reactions, supporting multi-scale phenomena through
cell cycling, apoptosis, necrosis, volume regulation, and motility. PhysiCell tracks detailed cellular
properties including fluid volumes, solid volumes, and nuclear-cytoplasmic partitioning, with cell
state transitions modeled as Markov chains. However, PhysiCell lacks subcellular gene regulatory
network modeling, causal discovery tools, and backpropagation support, limiting its utility for causal
analysis and parameter learning from experimental data. CompuCell3D (Swat et al.||2012) uses the
Glazier-Graner model for multi-scale tissue simulation and offers extensibility through its plugin
architecture, but similarly lacks subcellular detail and causal analysis capabilities. OpenCMISS
(Bradley et al., [2011) employs PDE-based approaches for multi-scale modeling of physiological
systems but does not integrate subcellular processes or support causal discovery workflows. While
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these tools excel at tissue-level dynamics, they cannot model the gene regulatory networks and
protein dynamics that NEXUS captures at the subcellular level.

Single-scale cellular simulators. Several tools focus on cellular dynamics without comprehen-
sive multi-scale integration. Biocellion (Kang et al.l 2014)) provides scalable agent-based simula-
tion with parallel computing support, enabling efficient simulation of large cell populations through
high-performance computing frameworks. However, Biocellion operates primarily at the cellular
level without subcellular gene regulatory network detail. BioDynaMo (Breitwieser et al.| 2022]) of-
fers agent-based modeling with some multi-scale capabilities (indicated by e in the table), yet lacks
causal discovery and backpropagation support. Chaste (Cooper et al.| |2020), Cortex3D (Zubler &
Douglas| [2009), and Morpheus (Starruf} et al.|[2014) are ODE-based simulators that handle cellular-
level dynamics; Chaste and Morpheus show partial multi-scale support, but none integrate subcellu-
lar gene regulatory networks or provide causal discovery tools. These simulators are well-suited for
specific cellular-level questions but cannot address the hierarchical biological processes that NEXUS
models across subcellular, cellular, and tissue scales.

NEXUS’s unique capabilities. In contrast to the simulators above, NEXUS uniquely combines
subcellular gene regulatory network modeling with cellular and tissue-level dynamics in a unified
hierarchical framework. Unlike SERGIO, NEXUS integrates protein dynamics and spatial processes,
enabling simulation of how gene expression influences cell behavior and tissue organization. Un-
like PhysiCell and CompuCell3D, NEXUS includes detailed subcellular gene expression modeling,
allowing researchers to study how regulatory networks drive cellular phenotypes. Critically, NEXUS
is the only simulator in this comparison that supports causal discovery workflows (indicated by e in
the table), enabling systematic generation of interventional datasets and analysis of causal relation-
ships. NEXUS’s backpropagation support enables parameter learning from experimental data, while
its deep learning integration facilitates seamless connection with modern ML pipelines. NEXUS
also supports modeling of feedback loops between scales, is highly extensible through its modular
architecture, and scales efficiently to large cell populations through JAX-based auto-vectorization
and just-in-time compilation. These capabilities position NEXUS as a comprehensive tool for both
realistic data generation and causal analysis in biological systems, addressing gaps that existing
simulators cannot fill.
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