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Abstract

Building multiscale biological models requires the integration of independently
developed submodels, which means moving shared variables between them and
coordinating when each submodel runs. Existing tools typically address isolated
biological mechanisms with specific numerical methods, rarely specify which variables
each model reads and writes, how those variables are translated, and how model
updates are synchronized. We present Process Bigraph, a framework for composing and
simulating multiscale models. Process Bigraph generalize the architectural ideas
previously used in the Vivarium software into a shared specification that describes
process interfaces, hierarchical data structures, composition patterns, and orchestration
patterns. The paper explains how the framework is organized and why it makes
biological models easier to understand, reuse, and build on; the Supplementary
Materials provides the formal specification. We introduce Vivarium 2.0 as an
open-source implementation of the process bigraph framework. We demonstrate its
utility with Spatio-Flux, a standalone library of microbial ecosystem simulations that
combine kinetic equations, dynamic flux balance analysis, and different spatial processes.
These simulations illustrated how the framework effectively integrates diverse biological
processes, leading to emergent spatially organized population dynamics. Finally, we
discuss implications for emerging multiscale modeling standards.

Availability and implementation: Vivarium 2.0 is a suite of software libraries
that include: (1) bigraph-schema, for defining and operating on data types within a
hierarchical JSON-based format; (2) process-bigraph, for defining process interfaces,
composite simulations, and executing them; and (3) bigraph-viz, for interactive
diagramming of system structure and data flow. Spatio-Flux is a reference application
used in this paper to demonstrate the framework’s utility. A Supplementary Materials
provide detailed descriptions of these software libraries. All software is open-source and
available at: https://github.com/vivarium-collective.

Author keywords

Process Bigraph; Vivarium 2.0; multiscale modeling; model composition; simulation
framework

Introduction 1

Systems biology requires infrastructure that enables the free composition of 2

heterogeneous datasets, models, and methods into unified multiscale simulations. 3
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Whereas models in systems biology traditionally focus on the structure or dynamics of a 4

particular subsystem, formulated with a specific method and calibrated under controlled 5

conditions, compositional systems biology aims to connect these models, asking critical 6

questions about the space between models: What variables should a submodel expose 7

through its interface? How do coupled models connect and translate across scales? How 8

can distinct modeling methods be coupled and translated across scales? How can 9

models grounded in different biological or physical disciplines communicate to 10

synthesize new knowledge? Can we build flexible software that integrates diverse 11

datasets and submodels into consistent and reproducible composite simulations? How 12

can communities of researchers collaboratively access, recombine, and refine models into 13

ever more successful forms? 14

Systems biology models have not been compositional in the same way as their 15

biological counterparts — this is in part because models do not have chemistry or 16

physics to mediate their interactions, and require a model for every natural process. It 17

is true that many modeling paradigms such as ordinary differential equations (ODEs), 18

flux balance analysis (FBA), Bayesian networks, rule-based models, and Markov models 19

are internally compositional in that they can be expanded by adding new expressions or 20

nodes to represent reactions, species, pathways, etc. But different aspects of biology 21

require different representations and are typically studied with different modeling 22

paradigms, and these too need to be brought together. 23

The need to connect models across scales has driven interest in hybrid approaches 24

that combine modeling paradigms — such as stochastic with deterministic [1], kinetic 25

ODEs with steady state FBA [2,3], particle-based with continuous spatial [4], COMETS 26

for dynamic FBA with spatial diffusion [5], and whole-cell models with many interacting 27

processes [6–10]. Recent approaches also integrate mechanistic models with 28

machine-learning [11], enabling data-driven refinement of dynamical systems while 29

retaining mechanistic interpretability. Multi-cellular models often use agent-based 30

models (ABMs) [12–14] — a class of hybrid models that spans two scales, with a model 31

for an environment and models for individual agents. However, these are usually tightly 32

coupled with specific software environments or modeling methodologies — the lack of 33

interoperability across domains limits model reuse, scalability, and collaboration. 34

To address these challenges, we need a shared interface and runtime protocol—a 35

standard way to define how models expose variables, how data flows between them, and 36

how execution is coordinated. Such a framework would support mix-and-match models 37

built with different methods, enable reuse and substitution through compatible 38

interfaces, and provide a means to dynamically structure and orchestrate simulations 39

across multiple scales. Just as communication protocols in distributed systems allow 40

diverse components to interoperate via standardized interfaces and message formats, a 41

composition protocol would allow multiscale biological simulations to be constructed 42

from interoperable parts, validated independently, and integrated into larger models. 43

This would complement existing standards developed by the COMBINE 44

community—SBML [15], CellML [16], and SED-ML [17]—by focusing not on unifying 45

models into a single file but on orchestrating heterogeneous models and methods. 46

With Vivarium 1.0 [18], we implemented these ideas in Python using a framework of 47

processes that exchange data through shared, hierarchically structured stores. The 48

design supported modularity by allowing processes to be swapped or recombined 49

through explicit interfaces, hierarchy through recursive nesting of processes and stores, 50

and dynamic orchestration coordinating processes operating on different timescales. 51

This enabled flexible coupling of stochastic and deterministic submodels, 52

synchronization of hybrid processes, and runtime restructuring of simulations. Vivarium 53

was successfully applied to diverse biological problems, including metabolic and 54

regulatory integration in whole-cell simulations of E. coli [19], bacterial chemotaxis 55
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integrating motility and intracellular signaling [20], and tumor morphogenesis 56

combining agent-based models with multiplexed spatial imaging data [21]. While these 57

applications demonstrated the framework’s flexibility and scalability, they also revealed 58

that encoding compositional semantics directly in Python limited transparency, 59

interoperability, and reuse. In particular, model structure, typing, and execution 60

semantics were implicit in code rather than explicitly defined. This motivated the 61

development of Process Bigraph as a more general and implementation-independent 62

composition protocol. 63

This paper introduces the Process Bigraph framework, a compositional modeling 64

protocol in which individual process bigraphs are formal objects that define how 65

subsystems expose interfaces, connect to one another, and are orchestrated across scales. 66

Process Bigraph makes compositional semantics explicit by introducing a schema and 67

type system that separate model structure from state and define how updates are 68

validated and applied. They represent processes, wiring, and hierarchy in a serializable, 69

language-agnostic JSON format, enabling models to be stored, exchanged, and executed 70

across environments. They also define explicit execution protocols that decouple process 71

specification from runtime context, supporting local, parallel, and distributed execution. 72

Within this framework, the Composite is formalized as the execution engine, unifying 73

orchestration patterns such as multi-timestepping, workflows, and structural updates. 74

We present the core conceptual principles together with a graphical language 75

because we believe they provide powerful conceptual tools for reasoning about 76

multiscale biology and what it means to build compositional models as a research 77

community; the Supplementary Materials provides the corresponding formal semantics. 78

The Process Bigraph framework is implemented in Vivarium 2.0, an open-source 79

successor to Vivarium 1.0 that adopts a language-agnostic exchange format in JSON. 80

The Vivarium 2.0 suite comprises three libraries: bigraph-schema (for typed schemas 81

and states), process-bigraph (for simulation interfaces and runtime), and 82

bigraph-viz (for visualization of bigraph structures). Throughout the paper, we 83

distinguish (i) a process bigraph as formal, typed computational object, (ii) the Process 84

Bigraph framework as the conceptual composition protocol, and (iii) the 85

process-bigraph library as the reference implementation in Vivarium 2.0. This article 86

focuses on the protocol, conceptual tools, and graphical visualizations, while the 87

Supplement details the formal machinery and provides links and descriptions of the 88

Vivarium 2.0 software repositories. 89

We begin with the background and conceptual foundations of Process Bigraph in 90

Section 1. Section 2 introduces the Process Bigraph framework, including how to define 91

process interfaces, composition patterns, and orchestration patterns, and protocols for 92

deploying them across a heterogeneous computational infrastructure. Section 3 93

introduces Spatio-Flux, a standalone application for the multiscale simulation of spatial 94

microbial ecosystems that demonstrates how process bigraphs support the flexible 95

composition of diverse types and processes into complex multiscale biological 96

simulations. Finally, in Section 4, we discuss how this protocol establishes the 97

foundations for shared infrastructure in systems biology: enabling collaborative model 98

development, integration with existing data resources, and compositional systems 99

biology simulations at scale. 100

1 Conceptual foundations 101

The process-bigraph framework is grounded in three fundamental criteria for 102

compositional modeling and simulation. First, process interfaces define the precise 103

points of interaction between mechanisms and the system state, specifying which 104

variables are read, written, or transformed. Second, composition patterns determine how 105
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independently defined processes are coupled through shared state, enabling multiscale 106

and multi-mechanism integration without requiring monolithic model definitions. Third, 107

orchestration patterns govern the temporal execution of processes, specifying when and 108

how processes are invoked while ensuring consistent access to shared state. Together, 109

these criteria provide an expressive foundation for constructing coherent simulations 110

from heterogeneous components. 111

This framework builds on Robin Milner’s bigraphs [22] (Fig. 1a), which unifies two 112

complementary representations of system structure: a place graph, capturing 113

hierarchical containment (e.g., molecules within compartments or cells within tissues), 114

and a link graph, capturing patterns of interaction and connectivity via hyperedges (e.g., 115

signaling, communication, or other forms of causal coupling). Although developed in 116

computer science, bigraphs offer a powerful abstraction for biological systems whose 117

functions depend on both spatial hierarchical organization and interactions. The 118

Process Bigraph framework adapts and generalizes this dual representation by retaining 119

the hierarchical structure of place graphs while replacing the link graph with a place 120

graph (Fig. 1b). This shift emphasizes dynamics and causation: rather than encoding 121

interactions implicitly as links, processes are treated as first-class entities that are 122

themselves conditioned on, and act upon, the evolving system. 123

Processes serve as the operational units of integrative simulations. Each process 124

encapsulates a hypothesized mechanism — formally, a function that reads a specified 125

substructure of the global system state and produces updates to that state through a 126

well-defined interface. By enforcing standardized interfaces, processes can represent a 127

wide range of modeling approaches and computational roles, including numerical 128

simulators configured by parameters or model files, cell types or tissue agents with 129

defined phenotypes, data transformation pipelines, machine-learning models performing 130

inference, or analysis and visualization routines. This process-centric abstraction 131

supports methodological heterogeneity while preserving composability, allowing 132

independently developed mechanisms to be assembled into unified simulations. 133

The orchestration of processes draws on principles from discrete-event co-simulation, 134

particularly the Discrete Event System Specification (DEVS) formalism [23]. In this 135

approach, processes are scheduled as events that operate on a shared state, enabling 136

coordination between continuous-time dynamics and discrete updates. The 137

orchestration layer determines execution order, time advancement, and synchronization, 138

while ensuring that all processes observe a consistent system state. This approach 139

provides a principled mechanism for coupling processes with differing time scales, 140

update rules, and numerical representations within a single executable model. 141

In Vivarium 1.0, the compositional logic of process bigraphs was implemented 142

directly in Python code. While this design enabled rapid development and execution, it 143

tightly coupled the conceptual structure to a specific implementation, limiting 144

transparency, reuse, and interoperability. As models grew in complexity and demands 145

for reproducibility, portability, and user accessibility increased, these embedded patterns 146

proved insufficient. This motivated the need to make the specification of process 147

bigraphs explicit and implementation-independent, providing a more general foundation 148

for open-ended model construction and cross-system compatibility. 149

Fig 1. Composition framework overview. a. The original “Milner” bigraphs
consist of a link graph with hyperedges shown by dashed lines (e1, e2, e3) and nodes as
circles (n1, n2, n3, n4, n5, n6), and a place graph of the solid edges connecting the nodes.
b. Process bigraphs replace the link graph with a process graph, made of processes
(p1, p2, p3) connecting to the nodes via their ports.

May 13, 2026 4/18



2 Process Bigraph framework 150

The Process Bigraph framework provides a principled framework for composing 151

processes, hierarchical object stores, and orchestration patterns into executable 152

multiscale models. Their organization aligns closely with biological semantics: processes 153

correspond to mechanisms that drive change, hierarchy represents locations and the 154

systems they contain, and orchestration patterns capture how heterogeneous 155

mechanisms interact across scales in mutually constraining ways. This correspondence 156

becomes explicit in the Spatio-Flux example (Section 3), where metabolic fluxes, 157

chemical fields, and particle properties derive functional roles from their positions 158

within typed stores and interfaces. In this section, we focus on the conceptual and 159

computational semantics of the framework, introducing its core abstractions through 160

intuition, diagrams, and examples, while the Supplement 1 presents formal definitions. 161

Table 1 summarizes the core vocabulary of the framework, linking each conceptual 162

term to its formal anchor and definition. Together, these elements define a language for 163

expressing how heterogeneous processes can be connected and orchestrated across scales. 164

Paths, types, and values (P, T, V ) provide the basic addressing and data structures, 165

while schemas and states (Σ, x) define the typed organization of the system. Processes 166

(f) interact with shared state through ports and wiring (W ), emitting typed updates (δ) 167

that are applied according to type-specific rules (applyτ ) defined in the type registry 168

(RT ). The link registry (RL) connects abstract process definitions to executable 169

implementations, while orchestration specifies how the resulting system evolves over 170

time. Supplement 1 details the type system, composition rules, orchestration methods, 171

and update semantics used during execution, while this section develops their 172

conceptual interpretation. 173

A central principle of Process Bigraphs is the separation between schema (Σ) and 174

state (x). The schema defines the typed organization of the hierarchy, while the state 175

assigns concrete values to those paths for a particular simulation run. Together, Σ and 176

x define a process bigraph B = (Σ, x,RT , RL), in which typed stores function as shared 177

variables and processes operate through explicitly wired interfaces. This separation 178

enables model validation, structural reuse, and reasoning about composition 179

independently of execution. The type system ensures compatibility between connected 180

components and defines how concurrent updates to shared variables are combined. 181

This structure is developed in the remainder of the section by elaborating the core 182

elements introduced in Table 1. Types and stores (subsection 2.1) provide the shared 183

semantic backbone that enables independent processes to interoperate. Interfaces 184

(subsection 2.2) define the points of contact through which processes can be composed, 185

substituted, or refined. Composition patterns (subsection 2.3) describe how processes 186

coordinate through shared stores to produce coherent multilevel behavior. 187

Orchestration patterns (subsection 2.4) determine how these connected processes unfold 188

over time, shaping and being shaped by the states they act upon. 189

2.1 Types and stores 190

Given a schema Σ : P ⇀ T , the state x : P ⇀ V assigns concrete typed values to paths 191

in the hierarchy. While schemas describe the structure of a composite model, types 192

describe the semantic meaning of the data that flows through it. They capture the 193

expected form, units, and constraints of the data, so that processes can exchange 194

information consistently even when they come from different modeling perspectives or 195

operate at different scales. 196

Stores correspond to state locations that processes may access through ports and 197

wiring relations. Stores (Fig. 2) hold the simulation state. Each store is associated with 198

a type, which determines what processes may read from or write to it and how updates 199
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Term Formal anchor Description

Paths, types,
and values

P paths, T types,
and V values

These are the ingredients needed to name loca-
tions in a hierarchical system, declare what may
be stored there, and assign concrete values.

Schema Σ : P ⇀ T The schema is the typed organizational
blueprint of the system.

State and stores x : P ⇀ V The state assigns values to schema paths, and
stores are the state locations that function as
shared variables.

Process f : (inτ1 , . . . ) →
(outτ2 , . . . )

A process is a mechanism with an interface,
defined by what it reads, what it can update,
and its configuration.

Deltas and typed
application

δ = update(xin,∆t)
and x′ = applyτ (x, δ)

Processes emit typed updates rather than di-
rectly overwriting state, and each type deter-
mines how its updates are applied.

Ports and wiring W : (process,port) →
P

Ports specify accessible variables, and wiring
makes every coupling explicit by mapping each
port to the state path it reads or writes.

Type registry RT The type registry defines available types and
their validation and update semantics, including
the operator applyτ .

Link registry RL The link registry maps process addresses to
concrete handler classes, connecting abstract
process nodes to executable implementations.

Process bigraph B = (Σ, x, RT , RL) A process bigraph is the typed and executable
organization as a whole, with its wiring pattern
derived from the port bindings stored in the
state.

Composite and
bridge

bridge :
(external port) → P

A composite packages an internal process bi-
graph as a single higher-level process and maps
its external interface onto internal state paths.

Orchestration ⟨B, t, tnext⟩ →
⟨B′, t′, t′next⟩

Orchestration specifies when processes run, how
their deltas are combined, and how structural
rewrites are incorporated over time.

Table 1. Core vocabulary of Process Bigraph. Detailed definitions are provided in the
Supplementary Materials.

to that store should be interpreted. Types may range from simple primitives (numbers, 200

arrays, strings) to richer scientific objects such as molecular concentrations, reaction 201

rates, spatial fields, or images with coordinate metadata. The type labels shown in 202

Figs. 2–4 (e.g., “ecoli”, “species”, “steady state”) are intentionally informal and 203

illustrative; Supplement 1 introduces the more precise schema-level type definitions and 204

update semantics used by the framework. By assigning explicit types to stores, process 205

bigraphs make the data dependencies between models visible and checkable: a process 206

can be rewired or substituted only if its port types remain compatible with the attached 207

stores. 208

When stores are nested, as branches in a place graph (Fig. 2b,c), they can encode 209

hierarchical biological organization — for example, molecules inside organelles, 210

organelles inside cells, and cells inside tissues. This hierarchical structure provides a 211

natural substrate for multiscale modeling: local processes act on specific stores, while 212

other processes aggregate, coarse-grain, or constrain behavior across larger parts of the 213

tree. 214
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Fig 2. Store diagrams. a. Stores, depicted as circles, hold any data type and get
nested in hierarchies for multiscale representation. Each store shows its name (e.g.,
“cell”) and the data type it holds (here, “ecoli”). b. A place graph of nested stores shows
outer stores connected to inner stores by thick black edges. c. Nested view of the place
graph, with inner stores shown within their outer stores.

Fig 3. Process diagram. A process is depicted as a rectangle with ports along its
boundary to represent its interface. Input ports are here shown on the left and outputs
on the right (this arrangement is not enforced). Ports specify the type of information
flow in and out, shown as superscript (“species”, “params” as inputs, “steady state
species”, “rates” as outputs). The process’s update function is a mapping from inputs
to outputs, informed by its config, which also has a type (“steady state”).

2.2 Process interface 215

Processes are formally defined by typed interfaces f : (inτ1 , . . . ) → (outτ2 , . . . ) together 216

with configuration state and update behavior. Each process participates in a process 217

bigraph by exposing a clear interface: a set of input ports, output ports, and expected 218

configuration parameters (“config”). Conceptually, a process is a mechanism that 219

observes part of the current state, uses its configuration to decide how to respond, and 220

proposes changes to the state through its outputs — much like the concept of a function 221

both in mathematics and in biology. 222

As illustrated in Fig. 3, a process is drawn as a rectangle with input and output 223

ports along its boundary. Ports advertise the type of data that flows through them, to 224

ensure that information is passed consistently between processes. Configuration values 225

capture anything that is fixed for a given instance of the process: model parameters, file 226

paths, learned weights, or other metadata. 227

Ports provide constrained access to shared stores, separating a process 228

implementation from the state paths to which it is wired. This interface-driven 229

perspective decouples internal implementation details. A process might wrap a 230

differential equation solver, a flux balance analysis model, a rule-based simulator, a 231

neural network, a data transformation, or a visualization routine. From the perspective 232

of the process bigraph, all of these are just processes with typed inputs, outputs, and 233

config. This abstraction allows different modeling methods to coexist within a single 234

simulation while remaining swappable and reusable. 235

2.3 Composition patterns 236

Composition patterns arise from the wiring relation W : (process, port) → P , which 237

determines how process interfaces attach to shared stores. A composition pattern 238

specifies how processes are connected to stores — and through shared stores to each 239

other. At a single level without hierarchy, these patterns define a process graph 240

(Fig. 4a) in which multiple processes interact through shared stores. When nesting is 241

introduced, processes may connect across levels, enabling communication between 242

micro-scale and macro-scale behavior. 243

The process bigraph emerges from the superposition of the place graph hierarchy 244

and the process graph wiring structure. The combined structure of the place graph (the 245

hierarchy of stores) and the process graph (the wiring between ports and stores), along 246

with its corresponding schemas and types, constitutes a process bigraph (Fig. 1b). 247

Composition patterns express modeling choices that rarely appear explicitly in 248

multiscale simulation: which processes share which variables, which scales interact 249

directly, and how information flows between subsystems. 250
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A composite is a model built from other models: it bundles an internal process 251

bigraph together with an external interface. To connect internal and external state, the 252

composite exposes bridge ports that link external stores to corresponding stores in the 253

internal place graph (Fig. 4b). These bridges synchronize data across the composite 254

boundary and allow the composite to be nested inside higher-order composites just like 255

any other process. 256

Because composites behave just like ordinary processes, entire hybrid simulations 257

can be encapsulated behind an interface and then assembled into larger 258

“super-simulations.” From the process-bigraph viewpoint, this is equivalent to zooming 259

into a composite to reveal its internal structure, or replacing an atomic process with a 260

more detailed composite that exposes the same interface. Such substitutability provides 261

a natural mechanism for fine- and coarse-graining strategies in multiscale modeling. 262

Fig 4. Composite diagrams. a. A process graph consists of processes (i.e.,
metabolism, gene expression) connected to stores (i.e., metab, enzymes, DNA) via ports
(i.e., products, substrates, etc.). Port types must match the connected store type (i.e.,
the enzymes port must connect to an enzyme type store), with inputs/outputs indicated
by arrow directions. b. A composite process contains an internal process bigraph that it
orchestrates. The composite has external input/output ports that can connect to
external stores, with matching internal ports linked to the internal bigraph via dotted
wires. Variables connected across these inner/outer port pairs can pass updates to
remain synchronized.

2.4 Orchestration patterns 263

While composition determines structural connectivity, orchestration determines how 264

process-generated deltas are scheduled, merged, and applied over time. Composition 265

patterns describe how processes are wired; orchestration patterns describe how they are 266

run in time. Composites serve as orchestrators that govern the execution of their 267

internal processes: at each orchestration step, the composite decides which processes are 268

eligible to run, gathers the information they need from the state, invokes them, and 269

incorporates their proposed changes back into the shared stores. 270

Operationally, processes emit typed updates δ = update(xin,∆t) that are 271

incorporated into the shared state through type-specific application rules applyτ . 272

Figure 5 summarizes three orchestration patterns that are available for Vivarium 2.0: 273

(1) Multi-timestepping (Fig. 5a) coordinates continuous and discrete processes that 274

evolve on different timescales, using discrete-event simulation adapted from the Discrete 275

Event System Specification formalism [23,24]. Each temporal process declares its 276

preferred update interval, and the orchestrator advances time by triggering whichever 277

process is scheduled to run next, while keeping all processes coupled through the shared 278

state. (2) Workflows (Fig. 5b) arrange processes in directed acyclic graphs, so that each 279

step runs only after its dependencies have produced or updated their outputs. This is 280

useful for initialization routines, simulation experiment workflows, analysis pipelines, or 281

any computation with a natural order. (3) Event-driven structural updates (Fig. 5c) 282

allow the composite to change its own structure. Rules such as division, engulfment, or 283

bursting can insert, remove, or rewire processes and stores in response to 284

state-dependent conditions. In all cases, the updates proposed by processes arrive as 285

typed updates that must be merged into the shared state, with conflicts managed by the 286

type engine. 287

These patterns are interoperable: workflows can sit between temporal events, 288

structural updates can be triggered either by scheduled times or internal state, and 289

entire composites can themselves be embedded as processes within larger composites. 290
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Together, these can be used to describe how rich multiscale behavior unfolds, without 291

tying the framework to any single numerical method or simulator. 292

Fig 5. Orchestration patterns. a. Multi-timestepping, with temporal processes each
updating at their preferred time intervals, orchestrated by a discrete event co-simulation
engine. b. A Workflow is a directed acyclic graph that sets the order of updates for
step processes, with each one triggered by changes to its input dependencies. c.
Event-driven graph re-write processes orchestrated as discrete events, which change the
topological structure of an agent-environment system. Each graph re-write can be
specified as a reaction. “Divide” makes one agent divide into two, “engulf” place one
agent inside of another, “burst” dissolves the agent, releasing its inner components back
into its environment.

2.5 Protocols 293

A process interface protocol specifies the minimal behavior a process must exhibit in 294

order to participate in a process-bigraph composition. At its core, this requires that a 295

process (or composite) declares the types of data it reads and writes through its ports, 296

accepts a configuration, and exposes an update method that proposes changes to the 297

shared stores. 298

The protocol is agnostic to how a process is implemented or where it runs. A process 299

might be a local Python function, a compiled simulator, a containerized service, or a 300

remote model accessed over a network. As long as it presents a compatible interface and 301

communicates using the agreed schema and state representation, it can be wired into a 302

process bigraph and orchestrated alongside other components. 303

In the Supplement we describe several concrete execution protocols that realize this 304

idea: local in-memory execution, parallel execution, container-based simulators, and 305

REST-style services. For compositional systems modeling the key point is that a shared 306

interface protocol allows diverse tools and models to coexist within a common 307

architectural layer, making it possible to build complex simulations from independently 308

developed pieces. 309

3 Spatio-Flux: a worked example of process bigraphs 310

We constructed a series of composite simulations in Spatio-Flux, a stand-alone library 311

developed to demonstrate the composition of metabolic, spatial, mechanical, and 312

structural processes within a single process bigraph type system. Spatio-Flux was 313

designed as a testbed for composing independently developed mechanisms through 314

typed interfaces, rather than as an optimized or quantitatively calibrated 315

domain-specific simulator. Parameter values across all examples were chosen primarily 316

at the level of order-of-magnitude estimates that yield qualitatively interesting and 317

dynamically nontrivial behavior, rather than to match any specific experimental system. 318

The goal of these simulations is to illustrate compositional structure and cross-process 319

interaction, not to produce predictive biological models, while providing a foundation 320

that can be systematically refined toward predictive use as additional data, constraints, 321

and calibrated components are incorporated. To test whether the same compositional 322

implementation can reproduce an established spatial dFBA reference, Supplement 2 323

includes a matched comparison between Spatio-Flux and the COMETS Java backend 324

through cometspy [25] That comparison shows that Spatio-Flux reproduces COMETS 325

biomass trajectories and spatial metabolite fields within numerical tolerance when 326

geometry, kinetics, diffusion coefficients, and initial conditions are matched. 327
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Figure 6 summarizes a range of simpler composites, from single-site metabolic 328

models to spatially extended, particle-based community simulations, while Fig. 7 329

presents a larger combined reference simulation integrating multiple interacting 330

processes within a microbial ecosystem. This section describes a representative subset of 331

possible composites, using the larger composite as a unifying reference. Detailed 332

descriptions of the processes and parameters are provided in Supplement 2. 333

Supplement 2 also reports runtime decomposition and wall-clock scaling for these 334

examples, including local and distributed execution modes. The online Spatio-Flux 335

repository includes a public automated test suite with many additional composites, 336

including mixed Monod–dFBA communities, spatial lattices, Brownian and Newtonian 337

particle systems, and integrated particle–field simulations; this test suite is intended as 338

a flexible and evolving medium, and individual example configurations may change over 339

time as the library and its capabilities expand. 340

All Spatio-Flux simulations are assembled from processes with explicit state types, 341

input–output interfaces, and update rules. State is organized into hierarchically nested 342

stores that represent biologically meaningful structure, such as environments containing 343

spatial fields and particles containing internal metabolic state. Processes are composed 344

without modification when their interfaces are compatible, allowing models developed 345

independently to be recombined within a single simulation. The examples shown here 346

draw from five process families: local metabolic species, field movement, particle 347

movement, particle–field adapters, and graph-rewrite processes (Table 2). 348

At the simplest level, single-site metabolic simulations were constructed using either 349

Monod kinetics [26] or dynamic flux balance analysis (dFBA). Both formalisms operate 350

on the same substrates store, which represents extracellular metabolite concentrations, 351

and expose identical input–output types describing substrate uptake, secretion, and 352

biomass change. Parameters for these models were selected to ensure stable growth and 353

depletion dynamics over accessible simulation timescales, rather than to reflect 354

organism-specific kinetic measurements. Figures 6b and c show the resulting Monod 355

and dFBA trajectories. Because their interfaces match, these processes are substituted 356

without altering surrounding components, enabling hybrid compositions in which 357

different metabolic formalisms coexist within a shared environment (Fig. 6d). 358

Community-level simulations were constructed by placing multiple local metabolic 359

species into a shared nutrient environment. Each species specifies its own metabolic 360

model, exchange reactions, and parameters, while all metabolic processes bind to the 361

same environmental stores. Metabolic models were selected at random from the BiGG 362

database and paired with generic uptake bounds and kinetic parameters chosen to 363

produce heterogeneous but comparable growth behaviors. These models are not 364

intended to represent a realistic or curated co-culture; example species include E. coli, 365

S. cerevisiae, and L. lactis. To further demonstrate compositional flexibility, a single 366

Monod kinetic process was included alongside the dFBA models within the same 367

environment. Species interact exclusively through typed environmental fields, with each 368

consuming and secreting substrates according to its results while the environment 369

reflects the combined effects of all species. This interaction structure, in which coupling 370

is mediated entirely through shared state rather than direct process-to-process 371

communication, is shown schematically in Fig. 6a. The resulting timeseries in Fig. 6d 372

show the different species growing until resources are depleted. 373

Spatially explicit simulations were produced by introducing field-movement processes 374

that update nutrient fields through diffusion. Diffusion coefficients, uptake rates, and 375

lattice resolutions were chosen to generate visible gradients and spatially structured 376

growth within short simulation runs, rather than to reproduce measured transport 377

properties. In these composites, each lattice site hosts a local metabolic species, and 378

neighboring sites exchange substrates via finite-volume diffusion processes. Metabolic 379
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uptake and secretion occur locally at each site, while diffusion propagates gradients 380

across the lattice. This construction reproduces the core algorithmic structure of 381

COMETS-style spatial dFBA, in which metabolism and transport are alternated on a 382

lattice to produce spatiotemporal metabolic dynamics [5]. In Supplement 2, we use this 383

correspondence to perform a direct COMETS comparison under matched assumptions. 384

For the matched N = 16 benchmark, Spatio-Flux and COMETS agree on total biomass 385

within 0.1%, with close agreement in glucose, acetate, and biomass spatial fields. 386

Figures 6e–f show the resulting spatiotemporal dynamics, with a gradient of 387

non-diffusing glucose and diffusing biomass and acetate. As a result, biomass moves up 388

the glucose gradient and grows more rapidly as it proceeds, while acetate released by 389

growth is subsequently consumed. 390

Particle-based simulations were constructed by introducing motile particles governed 391

by alternative particle movement processes. A basic BrownianMovement process 392

implements stochastic motion in a continuous spatial domain. The 393

PymunkParticleMovement process extends this representation with Newtonian 394

dynamics, adding attributes such as mass, velocity, and elastic interactions through the 395

pymunk physics engine. Physical parameters such as masses, forces, and damping were 396

selected to produce qualitatively distinct regimes of motion and interaction, rather than 397

to correspond to specific biophysical measurements. Figures 6g–h illustrate simulations 398

with the Brownian movement process, showing particles diffusing through continuous 399

space. Population structure is updated through graph-rewrite processes that manage 400

boundary interactions, adding or removing particles in response to state-dependent 401

conditions and timestep-dependent rates. 402

Figure 7 presents the large reference simulation that integrates all previously 403

described process families into a single executable model of a microbial ecosystem. This 404

simulation includes both dissolved biomass represented in spatial fields and 405

particle-associated biomass carried by motile particles. In this composite, each particle 406

carries two distinct internal dFBA models derived from modified E. coli core 407

metabolism. One internal model is optimized for glucose uptake (ecoli1), while the other 408

is optimized for acetate uptake (ecoli2). Exchange bounds and objective weights were 409

selected to ensure that each model dominates under different substrate regimes, 410

enabling visible metabolic switching rather than quantitatively accurate pathway usage. 411

Particle motion is governed by Newtonian dynamics, introducing gravity and 412

mechanically mediated interactions such as collisions, crowding, and spatial segregation. 413

The surrounding environment is represented as a spatial lattice governed by Monod 414

kinetics and diffusion, producing continuously evolving chemical fields. Particle–field 415

exchange processes connect continuous particle positions to discrete environmental 416

fields, allowing particles to sample local concentrations and apply metabolic exchanges. 417

An accumulate-mass adapter aggregates biomass production from all internal metabolic 418

processes into a single particle-level mass. A graph-rewrite process monitors this total 419

mass and triggers division when a threshold is exceeded, restructuring the population in 420

response to emergent growth dynamics. Together, these metabolic, spatial, mechanical, 421

and structural processes are composed through typed interfaces and coordinated within 422

a shared orchestration framework. The resulting dynamics, shown in Fig. 7b, illustrate 423

a qualitative succession in which glucose-specialist populations dominate early, followed 424

by acetate-specialist populations as byproducts accumulate. 425

4 Discussion 426

Just as the internet protocol made it possible for many different computers and services 427

to work together, a composition protocol for systems biology can make it possible for 428

models, datasets, and simulators developed by different groups to work together within 429
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Fig 6. Spatio-Flux basic components and behaviors. a. Community dFBA
dynamics for multiple microbial species, including E. coli (core and iAF1260),
C. difficile, P. putida, S. cerevisiae, and L. lactis, all interacting through shared nutrient
fields. There is also a single Monod kinetic process in the community. b. Single-species
growth driven by Monod kinetics. c. Single-species growth governed by dynamic flux
balance analysis (dFBA). d. Results of the community model depicted in panel a. e. A
reconstructed COMETS simulation, with dFBA processes distributed across a lattice
and metabolites transported through diffusion. f. Results for the COMETS simulation,
with snapshots of spatial fields showing the evolution of nutrient concentrations and
biomass over time. g. Brownian particles – a particle-based simulation in which
particles undergo stochastic diffusion via a Brownian movement process, with positions
updated in continuous space and boundary conditions enforced by a separate
enforce boundaries process. h. Traces of particle trajectories over the course of the
Brownian particle simulation, illustrating their spatial exploration of the domain.

Fig 7. Spatio-Flux reference model. a. The integrated composite simulation,
showing how metabolic, spatial, mechanical, and structural processes are connected
through shared typed stores. Newtonian particles carry internal metabolic processes
and exchange metabolites with a spatial lattice via particle–field adapters, while
diffusion updates field concentrations and graph-rewrite processes govern particle
division and boundary interactions. b. Representative simulation snapshots from this
composite, showing particles moving through and reshaping spatial nutrient fields.
Three fields are shown: glucose, acetate, and dissolved biomass which is using a kinetic
model. The particles are also interacting with the glucose and the acetate fields,
through uptake and secretion. On the particles there are two species: ecoli 1, which
prefers glucose, and ecoli 2, which prefers acetate – their relative proportions change as
the system evolves and available fields change.
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Process family Processes Role in composite simulations

Metabolic pro-
cesses

DynamicFBA,
MonodKinetics,
SpatialDFBA

Compute metabolic uptake, secretion,
and biomass production at single sites or
across spatially distributed locations by
operating on substrate fields and biomass
variables.

Field transport DiffusionAdvection Updates dissolved species fields through
diffusion and advection, coupling
metabolic activity across space.

Particle move-
ment

BrownianMovement,
PymunkParticleMovement

Updates particle positions in continu-
ous space. Brownian motion provides
stochastic movement, while Newtonian
motion introduces mass, velocity, inertia,
friction, and elastic interactions.

Particle–field cou-
pling

ParticleExchange Mediates bidirectional exchange between
particle-local state and spatial fields, syn-
chronizing internal particle chemistry
with nearby lattice values.

Structural and
boundary pro-
cesses

ParticleDivision,
ManageBoundaries

Rewrites the particle store by creat-
ing, removing, or relocating particles in
response to state-dependent conditions
such as growth thresholds or boundary
crossings.

Table 2. Spatio-Flux process families. Each family encapsulates a distinct
modeling concern—metabolism, transport, motion, exchange, or structural
change—that can be composed through typed interfaces. More complex simulations
arise by combining families rather than extending any single process.

a single simulation. Rather than focusing on any one modeling method, such a protocol 430

provides a shared way to connect components, exchange state, and coordinate execution 431

over time. This enables multiscale simulations that combine biological structure, 432

experimental data, and mechanistic function into a single computational system, rather 433

than treating them as separate products. 434

The process–bigraph protocol is designed to complement existing standards and 435

infrastructure in computational biology by addressing how models and simulators are 436

connected into larger systems. Standards such as SBML and CellML describe individual 437

biochemical and biophysical models [15, 16], while SBML-spatial [27], VCML as used by 438

Virtual Cell [28], and emerging multicellular schemas [29] extend these descriptions to 439

include spatial organization and agent-based structure. Resources such as 440

BioModels [30] and Physiome [31] provide curated model repositories, and platforms 441

such as BioSimulators [32] supply execution backends that allow these models to be run 442

across multiple simulation engines. 443

Process bigraphs operate one level above individual model descriptions and 444

execution backends. They describe how multiple models and simulation tasks — such as 445

ODEs, flux balance analysis models, agent-based models, stochastic simulators, spatial 446

solvers, and machine-learning surrogates — are connected, how shared variables are 447

exchanged, and how execution is coordinated. In Spatio-Flux, this compositional layer 448

enabled metabolic, spatial, particle-based, and mechanical processes to be substituted, 449

recombined, and jointly executed within a single simulation, while remaining compatible 450

with existing model formats and runtimes. This same layer allows SBML- and 451
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CellML-based models to be executed through infrastructure such as BioSimulators 452

following SED-ML workflows, while remaining coupled to other processes and data 453

transformations in a multiscale context. 454

A practical consideration for adopting a protocol-based approach is the effort 455

required to integrate existing simulators and models into a common interface, and to 456

connect them. While the process interface itself is minimal, exposing legacy tools as 457

compatible processes still requires defining typed ports, update semantics, adapters, 458

installation workflows, and interoperability across different environments and 459

programming languages. To streamline this step and make integration patterns more 460

reproducible, we developed a GitHub repository called pbg-superpowers with a set of 461

reusable AI agent skills that scaffold process wrapping and composition. These tools 462

automate the creation of port-typed process interfaces and composite connection 463

patterns, reducing manual effort and ambiguity. At the time of writing, over a dozen 464

simulators and models have been wrapped using this approach, including COMETS [5], 465

CompuCell3D [33], Mem3DG [34], Smoldyn [35], VCell’s finite-volume solver [36,37], 466

Martini [38], and LAMMPS [39]. These wrapped simulators can function as components 467

within extended Vivarium simulations, while some also encapsulate internal hybrid 468

methods. From the perspective of process bigraphs, however, such frameworks represent 469

only restricted classes of composites, whereas process bigraphs provide a general 470

representation for arbitrary composite simulations. 471

This connective role is especially important for bringing rich biological datasets into 472

functional simulations. Large data resources such as HuBMAP [40] already organize 473

measurements into spatially nested structures, for example cells within functional tissue 474

units and functional tissue units within tissues. Similarly, pathway and metabolic 475

databases such as BioCyc [41] and Reactome [42] provide structured descriptions of 476

biological function. Process bigraphs preserve this hierarchical organization while 477

adding an explicit graph of typed processes that act on the data, allowing variables to 478

acquire biological meaning through their functional role in computation. In Spatio-Flux, 479

this alignment is demonstrated through types that distinguish concentrations, fluxes, 480

fields, particles, and masses, without requiring explicit linkage to external ontologies. 481

Typed interfaces play a practical role in making this semantic alignment sustainable. 482

By specifying what data each process reads and writes, they make it easier to combine 483

independently developed components, replace one model with another, and detect 484

incompatibilities early. These interfaces act as lightweight contracts that can later be 485

mapped onto established biological ontologies, rather than being hard-coded into 486

individual simulations. This supports long-term model maintenance, reuse, and 487

versioning, and points naturally toward shared registries of schemas, validation tests, 488

and community conventions. 489

The protocol would also strengthen reproducibility and integration with research 490

infrastructure. Because compositions are specified independently of execution, the same 491

process-bigraph document can be run locally, on high-performance computing systems, 492

or through cloud services. In Spatio-Flux, all results in this paper are generated 493

automatically from schemas, executed through a common runtime, and visualized 494

through a shared pipeline. These same compositions are exercised in an automated test 495

suite with online GitHub-based workflows, illustrating how composite simulations can 496

be tested, executed, and shared as part of standard computational infrastructure. 497

By providing a clear way to connect models, datasets, and simulators, Process 498

Bigraph aims to support collaborative, infrastructure-driven systems biology. Within 499

this setting, different groups can contribute models, data products, and simulation 500

components that remain usable outside their original context. As these shared 501

compositions grow, researchers will be able to integrate heterogeneous datasets directly 502

into functional simulations, link models across biological scales, and collaboratively 503
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build increasingly predictive representations of living systems — from microbial 504

communities to tissues and organs — using shared, open infrastructure. 505
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